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ABSTRACT

Efficient management of pasture-based dairy systems can benefit substantially from integrating
multiple interdependent processes including individual cow supplementation, real-time pasture
monitoring, and tactical grazing allocation, but traditional herd-level approaches cannot address this
complexity with sufficient precision, failing to account for biological variation between individual
cows, dynamic pasture growth, and climate variability. This thesis developed and validated various
artificial intelligence and machine learning methods across three critical domains (precision feeding
optimisation, pasture biomass estimation, grazing event detection), establishing conceptual and
empirical foundations for integrated precision management in commercial dairy operations. The
research commenced with a comprehensive literature review (Chapter 2) identifying five critical gaps
comprising absence of empirical validation for precision feeding optimisation systems delivering milk
yield gains, vegetation index saturation and cloud gaps limiting satellite remote sensing reliability,
insufficient spatial and temporal validation, lack of cost-effective automated grazing event detection
techniques, and absence of integrated decision support frameworks. Feeding optimisation was tackled
through two studies. First, a Random Forest model trained on 130 Holstein-Friesian cows (32,504
records) was combined with Differential Evolution to reallocate concentrate to 81 cows across 91 days
without increasing total daily allocation, achieving an 8% theoretical milk yield increase (Chapter 3).
Second, four evolutionary algorithms (NSGA-II, SPEA-II, SMS-EMOA, RVEA) were applied to the
more demanding problem of simultaneously maximising daily herd milk yield and minimising
deviations in individual concentrate allocation, trained on 1,053 cows (456,078 records) and applied to
165 cows over 30 days (Chapter 4) . NSGA-II achieved the highest performance (8.64% more milk)
with the fastest computation time, whilst SPEA-II achieved 7.94%, RVEA 7.41%, and SMS-EMOA
6.63%, with all four algorithms statistically validated across 10 independent runs. Collectively, these
studies demonstrate that exploiting cow-to-cow biological variability through Al-driven
supplementation can improve herd productivity without increasing the total feed budget, though

controlled experimental validation under commercial feeding conditions remains necessary.

Accurate pasture biomass estimation is a prerequisite for the feeding optimisation framework developed
in Chapters 3 and 4, as it quantifies the pasture available to each cow before supplementation decisions
are made. The gap in reliable pasture biomass estimation was addressed through two complementary
approaches, each targeting a distinct platform limitation. Ground truth for both approaches was
provided by rising plate meter measurements collected weekly to fortnightly across paddocks on each
farm. First, Sentinel-2 satellite imagery across 16 commercial farms (November 2021 to July 2024) was
used to develop an XGBoost estimation model, where multiquadric interpolation resolved cloud-
induced temporal gaps and progressive seasonal training maintained accuracy across changing
conditions and seasons, achieving an R? = 0.70 and MAE = 216 kg DM/ha and outperforming the
commercial Pasture.io platform (MAE = 240 kg DM/ha) on matched test observations (Chapter 5).



These satellite biomass estimates from Chapter 5 were then extended to automated grazing event
detection across 12 farms (July 2022 to June 2024), with Random Forest achieving strong within-year
detection performance (F1 = 0.878) and One-Class Support Vector Machine demonstrating superior
cross-year transferability (F1 = 0.692), outperforming supervised models including Random Forest by
7.6% on Year 2 data despite those models experiencing an average 24.2% performance degradation
(Chapter 6). Independent pasture utilisation validation on 218 GPS-confirmed events demonstrated
strong biomass quantification accuracy (pre-grazing R? = 0.966, post-grazing R? = 0.998, removal R* =
0.922), establishing proof-of-concept that satellite systems can not only detect when grazing occurs but
also accurately quantify biomass changes, though temporal resolution constraints prevented validation
of 80.6% of events due to insufficient satellite observations bracketing grazing periods, requiring multi-
sensor fusion for comprehensive monitoring. Second, ground-based estimation using smartphone
images was investigated as a practical, low-cost and durable alternative to remote sensing, deployable
across diverse farm environments without dependence on satellite availability or specialised equipment.
Stacking ensemble methods combining frozen pre-trained convolutional neural network features with
hand-crafted vegetation indices and weather variables were applied to 3,291 ground-level images from
15 farms, achieving more moderate accuracy (R* = 0.561, MAE = 351 kg DM/ha). Importantly, this
approach maintained sensitivity across broader biomass ranges where satellite vegetation indices
saturate, offering a complementary capability, though spatial generalisation to unseen farms remains

limited (Chapter 7).

Collectively, this thesis demonstrates that methods developed across each of the three domains function
independently when validated on commercial farms, establishing the three critical building blocks
required for integrated systems. Yet the ultimate goal of a closed-loop system, where measured pasture
consumption and grazing event records directly inform individual cow feeding decisions in real time,
remains to be achieved, requiring advances in temporal resolution, spatial transferability, and system
integration. This research provides the empirical foundations and identifies the specific technical
requirements for developing unified decision support systems that translate algorithmic capability into
demonstrated value for commercial dairy farming operations, supporting more efficient and productive
dairy production systems. All code implementations are organised by chapter and openly available at

https://github.com/Stansfash/thesis-python codes.

Keywords: Artificial intelligence; Automated grazing event detection; Machine learning; Pasture

biomass estimation; Pasture-based dairy systems; Precision feeding; Remote sensing; Transfer learning.
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Chapter 1 | General Introduction

THE CHALLENGE

Every day, dairy farmers managing pasture-based systems make hundreds of tactical decisions
determining which paddocks to graze, how much supplement to allocate individual cows, and when to
adjust stocking rates, yet these decisions must account for unpredictable climate variability,
heterogeneous pasture growth patterns, and substantial biological variation between cows (Moscovici
Joubran et al., 2021; Rutten et al., 2013). These decisions carry considerable economic stakes, as
pasture-based systems dominate milk production across temperate regions globally, deriving
competitive advantage from low-cost grazed forage that minimises purchased feed costs (Garcia et al.,
2014; Roche et al., 2017). In Australia, where feed costs comprise 40 to 60% of total production
expenses, the difference between efficient and inefficient pasture utilisation combined with targeted
supplementation directly determines farm profitability (Clark et al., 2018; Purcell et al., 2016). Despite
this need for precision, traditional management tools remain inadequate for managing this complexity,
with flat-rate feeding strategies failing to account for individual cow requirements despite documented
gains from targeted supplementation (André et al., 2010; Little et al., 2016), manual pasture biomass
(PB) assessment remaining labour-intensive and temporally sparse despite pasture growth rates
exceeding 50 to 100 kg DM/ha/day (Gard et al., 2024; Kallenbach et al., 2020), and quantifying actual
pasture utilisation remaining impractical without labour-intensive monitoring or expensive sensor
technologies (Chebli et al., 2022). These limitations prevent farmers from implementing precision
management strategies that optimise feed allocation, maximise pasture utilisation, and improve herd
productivity, creating opportunities for transformative approaches capable of addressing the multi-
dimensional complexity inherent in pasture-based dairy production whilst remaining practically

deployable in commercial operations.

FROM COMPLEXITY TO CAPABILITY THROUGH ARTIFICIAL INTELLIGENCE

Artificial intelligence (AI) and machine learning (ML) have revolutionised decision-making across
industries including medicine, engineering, and finance by solving complex problems that exceed
human cognitive capacity (Russell & Norvig, 2021). Within Al, ML algorithms enable predictive
analytics by learning patterns from data, capturing non-linear relationships between variables for
supervised classification and unsupervised clustering tasks (Sarker, 2021). Additionally, deep learning
(DL), a specialised subset of ML, employs multi-layered convolutional neural networks to automate
image recognition and feature extraction, replacing tasks previously requiring expert visual analysis
(LeCun et al., 2015; Simonyan & Zisserman, 2015). Beyond prediction, evolutionary algorithms
provide prescriptive optimisation by systematically exploring solution spaces to identify optimal
resource allocation strategies, handling multi-objective problems where traditional linear programming

requires predefined objective weights or priorities, limiting its capacity to simultaneously explore the
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full range of trade-off solutions across competing objectives. (Notte et al., 2021; Usigbe et al., 2023).
These capabilities are now transferring to agriculture, where ML is used to predict crop yields and
disease outbreaks, deep learning automates weed detection and fruit quality grading, and evolutionary
algorithms to optimise irrigation scheduling and fertiliser application, collectively reducing costs and
manual labour whilst improving decision accuracy (Kamilaris & Prenafeta-Boldu, 2018; Liakos et al.,
2018). In dairy systems specifically, these capabilities offer potential to address the identified
management challenges faced in the industry, with machine learning enabling individualised prediction
of cow responses for targeted supplementation, deep learning facilitating automated PB assessment
from imagery, and evolutionary algorithms providing optimisation frameworks that account for
individual cow biological variation (Brito et al., 2025; Cockburn, 2020; Das et al., 2023). The
conceptual framework for integrated precision management (Fig. 1.1) illustrates the ideal system where
PB estimates inform allocation decisions, automated detection quantifies pasture intake, and feeding
recommendations adapt to pasture availability. Whilst the conceptual framework presents UAV
platforms as a potential sensing modality given their high spatial resolution, this thesis focuses on
satellite and smartphone-based approaches as more scalable and operationally accessible alternatives
for commercial dairy systems. In this integrated framework, information flows continuously between
three core components, remote sensing for pasture monitoring, ML for grazing event detection, and
optimisation algorithms for feed allocation, creating a closed feedback loop where each element informs
and refines the others. However, current applications operate independently without information
exchange between these components, treating each domain as an isolated technology rather than as
interdependent elements of a unified decision support system. Therefore, this thesis develops and
validates artificial intelligence methods across these three interdependent domains (precision feeding
optimisation, pasture biomass estimation, grazing event detection), establishing the individual empirical

building blocks required for achieving such integrated systems.
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Fig. 1.1 Conceptual Framework for Integrated Precision Management.

Fig. 1.1 illustrates the conceptual framework where disjointed data streams, specifically PB estimates
and animal nutritional requirements, are synthesised through ML algorithms. This architecture
highlights the shift from reactive, labour-intensive observations to predictive, automated decision
support, ensuring that grazing management and supplementary feeding are optimised simultaneously

rather than in isolation.

The ideal closed-loop system, where outputs from each component continuously feedback to refine
subsequent decisions, would integrate PB estimation using remote sensing and machine learning to
provide pre-grazing availability, which would inform allocation determining rotation. Automated
detection would monitor grazing recording timestamps. Utilisation calculation would quantify
efficiency. Precision feeding would determine supplement allocation based on intake. Updated status
would inform subsequent estimates. Currently these components operate independently. This thesis
validates the individual components, establishing the empirical foundation required for achieving such

integration.
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RESEARCH GAPS

The literature review (Chapter 2) identifies critical knowledge gaps limiting practical implementation
of artificial intelligence in pasture-based dairy systems. First, individualised feeding responses have
been established through biological experimentation (Garcia et al., 2007), demonstrating that cows
respond differently to supplementation based on their physiological state and genetic merit. However,
whilst machine learning and evolutionary algorithms show theoretical potential for precision feeding
optimisation, these computational methods have not been empirically validated to quantify actual
production gains and feed cost savings when applied to individual cow supplementation decisions under
commercial conditions. Second, questions remain regarding the transferability of machine learning
models for pasture PB estimation across diverse locations, environments, farms, and paddock scales,
with most validation confined to specific sites raising concerns about spatial generalisability. Third,
satellite-based estimation faces persistent challenges including vegetation index saturation at high PB
levels and cloud interference limiting temporal coverage during critical periods. Fourth, quantifying
actual pasture utilisation by grazing animals remains impractical for intensive rotational systems where
short residence times (1 to 3 days per paddock) and frequent cloud cover prevent reliable automated
detection of grazing events. These gaps motivated the thesis objectives to develop and validate artificial
intelligence methods addressing each limitation, and establishing empirical foundations for their

application in commercial dairy systems.

AIM AND OBJECTIVES

This thesis aims to develop and validate artificial intelligence methods across three interdependent
domains (precision feeding optimisation, pasture biomass estimation, automated grazing detection),

establishing empirical foundations for their application in commercial pasture-based dairy systems.

Objectives:

1. Develop and validate machine learning combined with evolutionary algorithms for precision
feeding optimisation, quantifying production gains and feed cost savings compared to flat-rate

supplementation under commercial conditions (Chapters 3 & 4).

2. Develop and evaluate PB estimation approaches addressing current limitations: (a) satellite-
based methods with temporal interpolation to overcome cloud interference and vegetation index
saturation, and (b) smartphone-based methods with transfer learning to maintain sensitivity at

high PB, validating transferability across diverse farms and environments (Chapters 5, 7).
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3. Develop automated frameworks for detecting grazing events and quantifying pasture utilisation
from satellite data and interpolated biomass estimates developed in Chapter 5, evaluating
prediction accuracy and spatial transferability to establish feasibility for commercial application

(Chapter 6).

4. Synthesise findings across the three domains, discuss pathways towards integrated precision
management systems, identify limitations, and propose future research directions for enhancing
decision-making, production efficiency and profitability in pasture-based dairy systems

(Chapter 8).

THESIS STRUCTURE

Chapter 2: Reviews artificial intelligence applications in pasture-based dairy systems and identifies

research gaps.

Chapter 3: Integrates machine learning with evolutionary algorithms for precision feeding

optimisation.

Chapter 4: Extends Chapter 3 by comparing multi-objective evolutionary algorithms for feeding

optimisation at an individual cow level.

Chapter 5: Utilises temporal interpolation techniques to address cloud interference and vegetation

index saturation, enhancing predictive accuracy of satellite-based PB estimation.

Chapter 6: Builds on the interpolated satellite biomass data from Chapter 5 to develop and evaluate
machine learning frameworks for automated grazing event detection and pasture utilisation

quantification across commercial farms.

Chapter 7: Investigates smartphone-based ground-level imagery as a practical, low-cost complement
to satellite-based estimation, applying transfer learning and stacking ensemble methods for pasture

biomass prediction and to address spatial transferability across diverse farm environments.

Chapter 8: Synthesises key findings, discusses pathways towards integrated precision management

systems, and proposes future research directions.



CHAPTER 2

Literature Review

Pasture-based dairy systems are driven by the relentless challenge of high feed costs often comprising
up to 60 percent of operational expenses. Profitability hinges on replacing traditional herd level
management with precision strategies that account for individual cow variability and dynamic pasture
availability. This literature review synthesises current artificial intelligence and machine learning
applications for individualised feeding, remote sensing, pasture biomass estimation and grazing

management, establishing the critical research gaps that Chapters 3 to 7 are designed to address.
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ABSTRACT

Pasture-based dairy systems face management complexity arising from climate variability, dynamic
pasture growth patterns, and individual cow behaviour. Artificial intelligence (Al) and machine learning
(ML) applications are increasingly common to address this complexity. This review synthesises Al and
ML applications across precision feeding optimisation, pasture biomass estimation through remote
sensing, and grazing management, identifying critical research gaps constraining deployment of
precision management systems. Unlike domain-specific reviews, this work examines how unresolved
limitations within each domain collectively constrain progress toward integrated precision management
systems in P-BDS. Traditional flat-rate feeding ignores individual cow variability despite documented
gains from individualised supplementation, whilst linear regression models cannot capture non-linear
dose-response relationships. Advanced ML algorithms demonstrate superior predictive performance,
but integration with evolutionary algorithms lacks validation that automated systems quantify actual
milk yield increases by leveraging cow-to-cow variability under commercial conditions. For pasture
biomass estimation, satellite remote sensing combined with ensemble ML achieves accuracy, yet
vegetation index saturation in dense pastures and cloud-induced temporal gaps constrain reliability.
Ground-level computer vision approaches can address these limitations through deep learning
architectures and pre-trained convolutional neural networks, maintaining sensitivity across broader
biomass ranges despite limited training data. Monitoring pasture utilisation depends on expensive
wearable sensors or labour-intensive manual observations, whilst satellite-based automated detection
faces temporal resolution limitations. This review identifies that few studies integrate these three
domains into unified decision support systems where real-time biomass estimates inform grazing
allocation decisions triggering individualised supplementation. Future research should validate
automated feeding systems, develop integrated approaches combining ML and deep learning to
overcome satellite limitations, establish cost-effective automated grazing event detection, and create
unified platforms linking pasture availability with utilisation efficiency and cow-specific feeding

requirements.

Keywords: Artificial intelligence; Grazing management; Machine learning; Pasture biomass

estimation; Precision feeding; Remote sensing.
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INTRODUCTION

The global dairy industry is facing challenges in meeting rising demand whilst addressing climate
change, resource constraints, and sustainability imperatives (Britt et al., 2018; Monteiro et al., 2024).
Traditional herd-level management cannot adequately address complex interactions between individual
animal variability, dynamic pasture growth, and fluctuating environmental conditions (Brito et al.,
2025; Distante et al., 2025; Lokhorst et al., 2019; Melak et al., 2024; Rutten et al., 2013). Integration of
artificial intelligence and machine learning within precision livestock farming frameworks enables
transition from herd-level generalisations toward continuous, individualised, real-time decision support,
reshaping responses to variability in animal performance, feed availability, and environmental
conditions (Kaur et al., 2023; Kleen & Guatteo, 2023). Artificial intelligence refers to computer systems
capable of performing tasks typically requiring human intelligence including learning, reasoning, and
decision-making (Russell & Norvig, 2021). Machine learning, a subset of Al, enables systems to learn
patterns and relationships from data without being explicitly programmed (Janiesch et al., 2021; Sarker,
2021). Deep learning (DL) represents a further specialisation within ML, employing neural networks

to extract complex representations from large datasets (Alzubaidi et al., 2023; LeCun et al., 2015).

Pasture-based dairy systems (P-BDS), predominant in New Zealand, Australia, Ireland, and regions of
Europe and South America, present unique Al implementation challenges compared to housed or
confined systems (Correa-Luna et al., 2024; Moscovici Joubran et al., 2021; Murphy et al., 2022).
Unlike confined systems where feed availability remains relatively controllable, P-BDS contend with
unpredictable climate variability, heterogeneous soil characteristics, diverse pasture composition, and
individual animal behaviour that interact in complex ways (Gargiulo et al., 2020; Shine & Murphy,
2022). Optimal decisions depend simultaneously on current pasture availability, anticipated pasture
growth trajectories, grazing history, and cow-specific nutritional requirements. This complexity
exceeds traditional decision-making capabilities, positioning P-BDS as systems where Al-driven
solutions could deliver substantial improvements in productivity and profitability (Cabrera, 2025;
Cabrera & Fadul-Pacheco, 2021; De Rosa et al., 2021; De Vries et al., 2023; Garcia et al., 2020; Mahato
& Neethirajan, 2024; Norton & Berckmans, 2017). Al-enabled precision management has evolved
rapidly since 2015, driven by advancing sensor capabilities, wireless infrastructure, computational
power, and proliferation of satellite platforms for pasture monitoring (Correa-Luna et al., 2024;
Kamilaris & Prenafeta-Boldu, 2018; Morrone et al., 2022). ML applications in dairy farming have
evolved substantially over more than two decades, progressing from simple rule-based decision support
toward sophisticated data-driven systems integrating diverse sensor streams and optimisation
algorithms (Shine & Murphy, 2022). These technologies enable continuous automated monitoring
through wearable accelerometers, cameras, microphones, and remote sensing techniques (Aquilani et

al., 2022; Kleen & Guatteo, 2023; Norton & Berckmans, 2017). The integration of remote sensing with
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ML algorithms enables real-time optimisation of individual animal performance whilst maintaining

herd productivity and sustainability (Kaur et al., 2023; Tzanidakis et al., 2023).

Three interdependent domains form precision management foundations in P-BDS, namely precision
feeding optimisation, pasture biomass (PB) estimation, and grazing management. These domains
interconnect through precision management loops where accurate PB estimation informs grazing
allocation, automated grazing event detection enables calculated pasture utilisation efficiency, and
integration of pasture availability with utilisation patterns triggers individualised supplementation to
optimise milk yield (MY) whilst minimising feed costs. Currently, these domains operate independently
in research and practice, preventing realisation of integrated systems that could transform operational

efficiency in commercial P-BDS, thus, the rationale or focussing on these domains.

First, grain-based supplementary concentrate comprises 40-60% of production costs, but approximately
78% of Australian and New Zealand farms prefer flat-rate allocation strategies (equal distribution of
feed for all cows) because of the ease of implementation, yet this method fails to account for individual
cow requirements, leading to inefficient resource utilisation and suboptimal milk production outcomes
(Akintan et al., 2025; Cabrera & Fadul-Pacheco, 2021; Clark et al., 2018; Craig et al., 2022).
Individualised supplementation strategy has been shown to increase milk solids yield by approximately
7% (Garcia et al.,, 2007), yet implementation of this method remains constrained. Whilst this
productivity gain represents a compelling economic incentive, its commercial viability depends on
whether the additional infrastructure and operational costs associated with individualised feeding
systems are offset by the milk revenue gains, a calculation that varies with farm scale, milk price, and
concentrate cost, and one that requires careful consideration in pasture-based systems where
supplements represent only a portion of total diet. The research gap lies in the reliance of conventional
biological models on parametric regression approaches, whether linear or nonlinear, that require
predefined functional forms and cannot automatically adapt to the complex, individual-specific
relationships between supplementation levels and milk yield responses, nor adequately capture the
intrinsic biological variability amongst individual cows across diverse farm conditions (Cockburn,
2020; Dela Rue & Eastwood, 2017; Raedts & Hills, 2024). Consequently, prediction errors from such
models range from 1.62 to 3.19 kg DM d! across diverse farm conditions (Krizsan et al., 2014).
Advanced ML algorithms, neural networks, and evolutionary algorithms can model these non-
linearities, but current implementations rely on retrospective observational data rather than
experimental manipulation of feed rates and very rare attempt of integration of ML and evolutionary
algorithms to solve this problem. This prevents the quantification of actual MY gains achievable
through ML-optimised feeding, necessitating controlled trials to establish causal dose-response
relationships and validate predicted improvements (Campos et al., 2023; Das et al., 2023; Notte et al.,
2021; Souza et al., 2022; Uyeh et al., 2019).

10
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Second, accurate PB estimation remains fundamental to effective feed budgeting and grazing
management decisions, yet conventional approaches including the use of rising plate meters and visual
assessment suffer from labour intensity, limited coverage, and systematic bias (Morse-McNabb et al.,
2023; Villalobos-Villalobos & WingChing-Jones, 2023). Technical barriers limit remote sensing
adoption, particularly spectral saturation where vegetation indices plateau at approximately 3 tonnes
DM ha™, and cloud cover disrupting temporal consistency (Dubovik et al., 2021; Mutanga et al., 2023).
Current satellite ML models achieve R? of 0.60 to 0.87 and RMSE between 350 and 900 kg DM ha™
across temperate systems, with cloud-induced gaps spanning multiple weeks in high-rainfall dairy
regions. Satellite platforms including Sentinel-2 provide sub-weekly revisit at 10-20m resolution,
Landsat missions contribute 16-day revisit at 30m resolution, whilst PlanetScope offers paddock-scale
monitoring and MODIS provides daily coverage (Chen et al., 2024; Correa-Luna et al., 2024; Gargiulo
et al., 2020; Morse-McNabb et al., 2023; Ogungbuyi et al., 2024; Radeloff et al., 2024). Unmanned
aerial vehicle platforms equipped with multispectral and thermal sensors enable centimetre-resolution
monitoring and ground-truthing of satellite observations for high-precision PB estimation through 3D
photogrammetry and canopy height models, achieving accuracy levels comparable to traditional
destructive sampling methods (Ji et al., 2023; Laplacette et al., 2025), but persistent limitations
necessitate complementary methodologies. Challenges include ground-truth data scarcity, temporal
mismatch between satellite revisit and rapid pasture growth, and spatial heterogeneity in mixed further
limit prediction accuracy (Correa-Luna et al., 2024; Ogungbuyi et al., 2024). Computer vision
approaches using smartphone imagery with ML, DL and transfer learning could potentially increase
accuracy through flexible user-determined acquisition timing and frequencies and maintained
sensitivity across broader PB ranges, and reduced cloud cover constraints (Kamilaris & Prenafeta-
Boldu, 2018; McCarthy et al., 2022; Stumpe et al., 2023; Vahidi et al., 2023), but these methods would
require standardisation and validation to establish whether ML approaches can deliver accuracy

improvements sufficient for implementation in dairy farms.

Third, knowing available PB before grazing provides limited value without corresponding knowledge
of actual consumption during grazing and residual PB remaining for regrowth. Monitoring grazing
event and calculating pasture utilisation efficiency remain essential as the relationship between grazing
intensity and subsequent pasture productivity exhibits strong non-linear characteristics, with both
undergrazing and overgrazing compromising long-term pasture productivity through different
mechanisms. Current approaches for monitoring grazing event and calculating utilisation patterns rely
predominantly on labour-intensive manual observations or expensive wearable sensor technologies
despite achieving high accuracy cost several hundred dollars per collar constrain adoption (Chebli et
al., 2022; Lamanna, Bovo, & Cavallini, 2025; Nyamuryekung’e et al., 2023). Meanwhile, satellite-
based approaches offer potential for low-cost, non-invasive monitoring through detection of vegetation

change patterns, but insufficient temporal resolution for short-duration rotational grazing cycles (1-3

11
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days) prevents reliable detection of individual grazing events, with cloud-induced gaps spanning
multiple weeks in major dairy farms. Whilst manual recording of grazing events at the time of paddock
allocation could theoretically address this challenge, in practice such records are inconsistently
maintained on commercial farms, and distinguishing grazing-induced changes from natural senescence,
drought stress, or meteorological effects in satellite time series requires sophisticated ML classification
techniques (Holtgrave et al., 2023). Cost-effective automated systems combining satellite vegetation
indices with ancillary data could enable calculation of pre-grazing and post-grazing PB levels for

quantifying utilisation efficiency.

Common challenges pervade these three domains including data scarcity for training robust predictive
models, inappropriate validation methodologies producing optimistic performance estimates that fail to
generalise, integration complexity across heterogeneous data streams and sensor modalities, and
economic barriers constraining commercial adoption particularly for small to medium-scale operations
(De Vries et al., 2023). Critically, limitations including non-linear feeding response prediction (Dela
Rue & Eastwood, 2017), spectral saturation and temporal gaps in satellite data (Morse-McNabb et al.,
2023), and cost-effective techniques prevent development of integrated precision management systems.
Resolving these challenges is essential to build unified decision support systems frameworks where
accurate real-time PB estimation can inform tactical paddock allocation, automated grazing detection
can quantify actual pasture utilisation efficiency, and integration pasture availability with utilisation
patterns can trigger cow-specific supplementation optimising MY production whilst improving feed use

efficiency and contributing to farm profitability.

The aim of this review is to synthesise, analyse and integrate current knowledge on Al and ML
applications and capabilites in precision feeding optimisation, PB estimation, and grazing management
within P-BDS, to examine the limitations that hinder model performance and integrations, and to
identify critical research priorities and future directions. Key requirements include Al-driven feeding
strategies, overcoming satellite constraints to improve predictive accuracy, and developing integrated,
cost-effective decision support systems frameworks. Addressing these challenges would provide a clear
pathway for transitioning from experimental prototypes to integrated precision management platforms

delivering measurable improvements in production efficiency and sustainability for P-BDS globally.

LITERATURE IDENTIFICATION AND SELECTION

This review was conducted as a narrative review synthesising current knowledge on Al and ML
applications across three interdependent domains in P-BDS: precision feeding optimisation, pasture
biomass estimation through remote sensing, and grazing management. Literature was identified through

searches of Scopus, Web of Science, Google Scholar, Semantic Scholar, and Elicit, supplemented by
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direct searches of relevant journal and publisher websites. Searches were conducted using combinations
of terms spanning the three core domains as summarised in Table 2.1. Publications from 2015 onwards
were prioritised to reflect the period of accelerated ML and satellite platform development, with pre-
2015 references retained where they represented foundational contributions or the only available

evidence on a specific topic.

Peer-reviewed original research articles and review papers published in English were eligible for
inclusion. Studies were included where they presented empirical data from experiments, field
measurements, or model testing, proposed or evaluated a new method, algorithm, or framework relevant
to the three core domains, or synthesised evidence directly applicable to P-BDS. Non-dairy and non-
pasture studies were included where the methodology or technology was directly transferable to P-BDS
contexts. Studies were excluded where they lacked peer review, were published in languages other than
English, or had no direct relevance to the three core domains. Final inclusion was determined through

full-text reading and assessment of relevance to the review objectives.

Table 2.1 Literature search terms used across databases.

Domain Search Terms

General Artificial intelligence; machine learning; deep learning; precision livestock
farming

Precision Feeding Precision feeding; individualised feeding; individualised supplementation;

flat-rate feeding; feed optimisation; evolutionary algorithms; genetic
algorithms; feed intake prediction; dry matter intake; ration formulation;
linear programming dairy; concentrate supplementation; milk yield
prediction; surrogate model dairy; mathematical optimisation models in dairy

Pasture Biomass Estimation Pasture biomass estimation; pasture monitoring; remote sensing; satellite
imagery for biomass estimation; vegetation indices; NDVI; spectral
saturation; UAV; computer vision biomass estimation; deep learning for
pasture biomass estimation; convolutional neural network biomass; image
classification; smartphone pasture monitoring; compressed sward height; dry
matter estimation; biomass prediction; Sentinel-2; challenges in remote
sensing for pasture biomass estimation; rising plate meter

Grazing Management Grazing management; pasture utilisation; pasture utilisation efficiency;
grazing event detection; rotational grazing; GPS collar; wearable sensor
livestock; satellite grazing detection; automated grazing monitoring; machine
learning grazing detection; SAR grassland monitoring; optical satellite
grazing

System Context Pasture-based dairy systems; pasture-based dairying; dairy cattle; dairy cows;
milk yield

13
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DATA-DRIVEN APPROACHES IN PASTURE-BASED DAIRY SYSTEMS

Traditional approaches to modelling agricultural systems rely predominantly on mechanistic models
derived from controlled experiments and theoretical understanding of biological processes. These
model-driven approaches encode domain knowledge through mathematical equations describing
relationships between inputs and output variables, enabling predictions based on first principles (Jones
et al., 2017). However, mechanistic models face limitations when addressing complex systems
characterised by non-linear interactions, spatial heterogeneity, and temporal variability inherent in P-
BDS (Beukes et al., 2018; Garcia et al., 2020). Data-driven approaches employ ML algorithms to
automatically discover patterns and relationships directly from observational data without requiring
explicit mathematical formulation of underlying processes (Liakos et al., 2018; Sharma et al., 2022).
Rather than encoding expert knowledge through equations, these methods learn predictive models
through exposure to examples, adapting to system complexity and capturing non-linearities that
mechanistic approaches struggle to represent (Kamilaris & Prenafeta-Boldf, 2018). Fig. 2.1 contrasts
fundamental characteristics distinguishing these paradigms. The shift toward data-driven methods in
dairy systems has accelerated recently, driven by proliferation of sensor networks, satellite platforms,

and computational resources enabling analysis of large-scale datasets (van Klompenburg et al., 2020).
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Fig. 2.1 A comparative analysis of Model-Driven (Mechanistic) versus Data-Driven (Machine Learning)

approaches in dairy production systems.

A comparison of the strengths and limitations of mechanistic models (left) versus machine learning algorithms
(right). The central column identifies eight criteria used to evaluate the suitability of each approach, highlighting

the inverse relationship between data requirements and model interpretability.
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Within this data-driven paradigm, techniques span several distinct categories. Supervised learning
algorithms, including Random Forest, Gradient Boosting Machines, and Support Vector Machines,
learn from labelled examples to predict continuous outcomes (regression) or discrete classes
(classification), making them suited to tasks such as milk yield prediction and grazing event detection.
Unsupervised learning methods, such as k-means clustering, identify structure in unlabelled data and
are used for segmenting cow production groups or paddock management patterns. Nonlinear methods
including tree-based ensembles and neural networks capture complex dose-response relationships that
linear regression and logistic models cannot adequately represent. For resource allocation problems,
combinatorial optimisation approaches include mathematical programming techniques such as linear
and nonlinear programming, which guarantee optimal solutions within defined constraints.
Alternatively, metaheuristic algorithms such as genetic algorithms and differential evolution use
population-based search to find high-quality solutions in large, non-convex search spaces where exact

methods become computationally intractable.

Published implementations of ML in dairy production demonstrate common workflow patterns
documented across recent reviews (Liakos et al., 2018). Studies typically integrate data from remote
sensing platforms, on-farm sensors, and manual ground truth measurements. Standard preprocessing
addresses quality issues and normalisation before feature engineering extracts predictive variables such
as vegetation indices and temporal patterns. Reported methodologies employ diverse ML algorithms
and neural networks, with performance evaluated using cross-validation and independent test datasets
(Roberts et al., 2017). However, robust model performance in agricultural datasets requires validation
strategies that account for spatial and temporal data structure, as standard random cross-validation
frequently produces optimistic estimates that fail to generalise across farms and seasons. Practical
implementations described in literature integrate trained models with decision support platforms,
though long-term monitoring and retraining protocols remain underreported in published studies.
Despite demonstrated capabilities, adoption barriers constrain implementation of data-driven
approaches in commercial dairy systems. Primary challenges include scarcity of labelled training data
particularly for specialised applications, computational infrastructure requirements exceeding resources
available to small-scale operations, technical expertise gaps limiting farmer interpretation and trust in
algorithmic recommendations (Hills et al., 2015). Validation concerns also arise where inappropriate
methodologies produce optimistic performance estimates failing to generalise across diverse farm
conditions and scenarios. Economic considerations including initial investment costs, uncertain return
on investment timelines, and maintenance requirements further limit adoption particularly amongst
resource-constrained producers (Pivoto et al., 2018). Researchers have proposed transfer learning
approaches to reduce data requirements, cloud-based platforms to lower infrastructure barriers, and
improved validation frameworks, though widespread implementation of these solutions remains limited

in commercial practice (van Klompenburg et al., 2020).
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REMOTE SENSING AND ARTIFICIAL INTELLIGENCE FOR PASTURE BIOMASS
ESTIMATION

Knowing how much pasture is available in each paddock at any given time is essential to effective
tactical decision-making in P-BDS, influencing grazing rotation schedules, stocking rate adjustments
and supplementary feeding requirements. However, the accuracy and consistency of this knowledge
varies substantially depending on the measurement approach employed. Traditional approaches relying
on rising plate meter and destructive sampling provide point estimates of standing PB through labour-
intensive field measurements that constrain spatial coverage, introduce observer variability and impose
temporal lags between assessment and management action (Morse-McNabb et al., 2023; Villalobos-
Villalobos & WingChing-Jones, 2023). The proliferation of satellite platforms offering frequent
multispectral imagery at paddock-relevant spatial resolutions, combined with advances in Al algorithms
capable of extracting quantitative PB estimates from complex spectral signatures, has catalysed a
paradigm shift towards continuous, automated pasture monitoring since 2015 (Ogungbuyi et al., 2024;
Shahi et al., 2025). However, incorporating these technological capabilities into commercial dairy
systems that consistently deliver actionable information under diverse environmental conditions and
management scenarios remains an incompletely solved challenge. Despite a decade of research
demonstrating technical feasibility in controlled trials, commercial adoption remains minimal, with the
vast majority of dairy farmers worldwide continuing to rely on visual assessment or periodic manual
measurements rather than automated continuous monitoring systems (De Vries et al., 2023). This gap
between experimental demonstration and practical implementation reflects fundamental limitations in
current research methodologies and deployment strategies that prevent translation of algorithmic

capability into demonstrated value for farm decision-making.

Satellite-Based Platforms and Multi-Sensor Integrations

Satellite-based remote sensing platforms now provide opportunities for continuous, non-invasive
pasture monitoring across multiple spatial and temporal resolutions. For example, the Sentinel-2
constellation delivers multispectral imagery at 10 to 20 m spatial resolution with sub-weekly revisit
times, enabling paddock-scale PB estimation that was previously unattainable with coarser resolution
sensors such as MODIS or early Landsat missions (Candido et al., 2025; Chen et al., 2021; Radeloff et
al., 2024). The 13 spectral bands currently offered by Sentinel spanning visible to shortwave infrared
wavelengths provide rich spectral information for vegetation characterisation, with particular value
derived from red-edge bands at 705, 740 and 783 nm that demonstrate enhanced sensitivity to
chlorophyll content and canopy structure compared to conventional red and near-infrared bands utilised
in traditional Normalised Difference Vegetation Index (NDVI) calculations (Askari et al., 2019;

Ogungbuyi et al., 2024). Complementary platforms including Planet CubeSat nanosatellites offer daily
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imagery at 3 to 5 m resolution, enabling detection of rapid PB changes between Sentinel-2 and
addressing temporal continuity challenges inherent in single-platform approaches, though at
substantially higher data acquisition costs through commercially available platforms (Correa-Luna et
al., 2024; Gargiulo et al., 2020; Morse-McNabb et al., 2023; Ogungbuyi et al., 2024). Gargiulo et al.
(2020) demonstrated that the integration of electronic rising plate meter measurements with Planet
CubeSat and Sentinel-2 satellite data across commercial dairy farms in New South Wales enabled
spatial and temporal PB estimation, with daily Planet imagery detecting rapid PB changes between
Sentinel-2 acquisition dates. The multi-platform integration substantially improved estimation accuracy
compared to single-sensor approaches, particularly during periods of rapid pasture growth or cloud

interference affecting individual platforms.

The integration of proximal sensing measurements with satellite observations substantially enhances
model calibration and validation whilst enabling multi-scale PB monitoring strategies. Candido et al.
(2025) demonstrated that the fusion of ultrasonic sensor measurements from the PaddockTrac proximal
sensing system with vegetation indices derived from Landsat 7 and Sentinel-2 imagery achieved
superior performance compared to satellite-only approaches, with XGBoost models attaining
(Coefficient of determination; R? = 0.86 and Root mean square error; RMSE = 538 kg ha™) across
multiple growing seasons at a single experimental site under homogenous pasture conditions in
Missouri, USA. The complementary nature of ground-based and satellite measurements addresses
fundamental scaling challenges in pasture monitoring, with proximal sensors providing high-frequency
spot measurements for model calibration. In turn, satellite platforms deliver spatially comprehensive
coverage enabling whole-farm PB mapping and identification of within-paddock heterogeneity critical
for precision grazing management. Spatial mapping of PB distribution within paddocks enables
identification of within-paddock heterogeneity, with the potential to support targeted grazing allocation
decisions that prevent overgrazing of sparse areas whilst ensuring efficient utilisation of high-biomass
zones, thereby improving pasture utilisation efficiency and sward quality (Correa-Luna et al., 2024;

Freitas et al., 2022; Gargiulo et al., 2023).

Machine Learning Algorithms for Spectral-Biomass Estimation

Machine learning algorithms have emerged as the dominant analytical framework for transforming
multispectral satellite data into quantitative PB estimates, superseding traditional linear regression
approaches that are unable to capture complex, non-linear relationships between spectral reflectance
and vegetation biophysical properties (De Rosa et al., 2021; Stumpe et al., 2023; Zhou et al., 2025).
Among these ML approaches, tree-based ensemble methods and gradient boosting machines
demonstrate particular robustness across diverse environmental conditions and management systems,

leveraging ensemble learning principles to reduce overfitting whilst maintaining high predictive
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performance (Candido et al., 2025; Morse-McNabb et al., 2023). Recent studies have reported R? values
ranging from 0.60 to 0.87 with RMSE between 350 and 900 kg DM ha™', with the lower end of this
error range considered sufficient for tactical management applications whilst higher error levels
constrain the precision required for individual paddock allocation decisions. These figures however
reflect studies conducted across different climate zones, pasture species, and validation approaches,
ranging from temperate Australian dairy pastures evaluated with neural networks (Chen et al., 2021) to
tropical Brazilian pastures assessed using support vector regression and random forest algorithms
(Fernandes et al., 2024). These ensemble approaches capitalise on the heterogeneity of pasture systems
by combining multiple weak learners into robust predictive frameworks capable of handling non-linear
spectral responses, seasonal variations and management-induced heterogeneity that constrain simpler
regression models. The algorithms learn hierarchical feature representations from multispectral data,
automatically identifying relevant spectral combinations and vegetation indices without requiring
explicit specification of functional forms. This data-driven adaptability proves particularly valuable in
mixed-species pasture systems where species composition, phenological stage and environmental stress
patterns introduce spectral complexity that defies parametric modelling approaches. Different grass
species exhibit distinct chlorophyll concentrations, leaf structures and canopy architectures that
generate unique spectral signatures. Meanwhile, temporal variation in growth stages creates shifting
reflectance patterns within individual paddocks that cannot be adequately captured by fixed linear
relationships between spectral bands and biomass (Prasad et al., 2023). However, the black-box nature
of these ensemble methods constrains interpretability and limits capacity to diagnose model failures or
incorporate domain knowledge regarding plant physiology and pasture ecology into prediction

frameworks (Welchowski et al., 2022).

Spectral Saturation and Temporal Discontinuity Constraints

Despite substantial methodological advances with remote sensing, satellite-based PB estimation faces
persistent barriers that constrain operational deployment in P-BDS. The challenge of spectral saturation
in vegetation indices at high biomass levels remains incompletely resolved, reducing model sensitivity
precisely within the high biomass range where tactical grazing decisions are most critical (Askar et al.,
2018; Ogungbuyi et al., 2025). NDVI particularly show pronounced saturation at high leaf area index
values, resulting from the convergence of near-infrared reflectance towards maximum values whilst red
reflectance approaches minimum levels in dense canopy conditions (Carlson & Ripley, 1997; Mutanga
et al., 2023). This saturation prevents reliable estimation in high-productivity systems where biomass
frequently exceeds threshold values during optimal growing conditions. When NDVI saturates at
approximately 0.8-0.9, further biomass increases produce negligible changes in the vegetation index

value, rendering the sensor insensitive to the precise biomass levels required for tactical grazing
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management decisions in high-productivity pastures where optimal harvest timing depends on

discriminating between 2,500 and 3,500 kg DM ha™'(Dubovik et al., 2021).

Alternative spectral formulations offer partial mitigation of saturation effects through incorporation of
red-edge and shortwave infrared wavelengths that maintain sensitivity across broader biomass ranges.
Askar et al. (2018) demonstrated that the Normalised Difference Index 45, computed from Sentinel-2
band 5 (red edge at 705 nm) and band 4 (red at 665 nm), substantially outperformed traditional NDVI
for forest biomass estimation, achieving R? of 0.79 compared to 0.44 for conventional formulations.
Similarly, integration of shortwave infrared bands sensitive to vegetation water content and canopy
structure provided enhanced discrimination of high-biomass conditions where optical vegetation
indices saturate. SWIR wavelengths respond to three-dimensional canopy architecture and plant water
status rather than leaf chlorophyll content, maintaining sensitivity as biomass increases because canopy
structural complexity and total water content continue to change even when leaf area index reaches
maximum values (Peng et al., 2023; Vahidi et al., 2023). However, these improvements remain
incremental rather than transformative, with comprehensive solutions requiring integration of multiple
spectral features through sophisticated ML architectures capable of learning complex, multidimensional
spectral-biomass relationships beyond capabilities of simple vegetation index formulations (Mike et al.,

2024; Shahi et al., 2025).

Data continuity gaps arising from cloud cover, atmospheric interference and fixed satellite revisit times
equally hinder effective pasture monitoring systems. Temperate coastal climates and high-rainfall
regions characteristic of major dairy production zones experience persistent cloud cover that can result
in prolonged gaps spanning multiple weeks between usable satellite observations. This disrupts the
temporal continuity required for near real-time decision support applications (Chen et al., 2021;
Dubovik et al., 2021; Ogungbuyi et al., 2024). The temporal resolution of Sentinel-2 (five-day revisit
at equator, longer at higher latitudes) proves insufficient to capture rapid pasture growth dynamics
during optimal conditions where biomass accumulation can exceed 50 to 100 kg DM ha™! per day in
temperate climates. This necessitates temporal interpolation methods or integration of Synthetic
Aperture Radar (SAR) data capable of penetrating cloud cover (Holtgrave et al., 2023; Vahidi et al.,
2023). Vahidi et al. (2023) demonstrated that fusion of Sentinel-1 SAR with Sentinel-2 optical imagery
provided improved temporal coverage and PB estimation accuracy compared to optical-only
approaches, though challenges remain regarding SAR sensitivity to soil moisture and surface roughness

that can confound vegetation signal extraction in intensively managed pasture-based systems.

UAV platforms equipped with multispectral, hyperspectral or thermal sensors enable centimetre to
metre-scale spatial resolution monitoring. This bridges the gap between ground-based measurements

and satellite observations, providing enhanced capability for detecting within-paddock heterogeneity
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and validating coarser resolution satellite-derived estimates (Cho et al., 2007; Herrmann et al., 2011; Ji
et al., 2023; Laplacette et al., 2025; Togeirode Alckmin et al., 2022). These systems offer operational
flexibility in acquisition timing unconstrained by satellite orbital schedules, enabling targeted data
collection under optimal atmospheric conditions or at critical phenological stages where rapid PB
changes demand high temporal frequency monitoring (Askari et al., 2019; Lussem et al., 2020;
Pullanagari et al., 2015; Vahidi et al., 2023). Three-dimensional photogrammetry and canopy height
model generation from UAV imagery provide structural information complementary to spectral
features, achieving biomass estimation accuracy levels comparable to destructive sampling methods
through integration of vegetation volume with spectral indices (Bendig et al., 2015; Castro et al., 2020;
Punalekar et al., 2018; Thomson et al., 2023). UAV-mounted RGB cameras, whilst considerably more
affordable and simpler to operate, are constrained to visible wavelengths and lack the near-infrared and
red-edge sensitivity required for reliable biomass prediction above approximately 3,000 kg DM/ha. As
a result, multispectral or hyperspectral sensors remain preferable for quantitative biomass estimation
despite their substantially higher cost and processing demands. Integration of hyperspectral reflectance
data with ML algorithms enables estimation not only of biomass quantity but also nutritive value
parameters including crude protein content, digestibility, and fibre fractions that critically influence
livestock production outcomes but remain largely invisible to conventional multispectral approaches

(Capolupo et al., 2015).

However, several constraints limit widespread adoption of UAV technologies for routine pasture
monitoring in commercial P-BDS. Flight regulations, weather dependencies and limited spatial
coverage constrain scalability of UAV operations to whole-farm monitoring applications, with typical
mission endurance restricting coverage to tens rather than hundreds of hectares without multiple battery
changes or deployment of expensive fixed-wing platforms (Bazzo et al., 2023; Gargiulo et al., 2023).
Additionally, substantial capital costs for UAV platforms with research-grade multispectral or
hyperspectral sensors, combined with operational expenses including insurance, maintenance, pilot
training and data processing that substantially exceed ongoing costs of satellite data access. These
combined costs create economic barriers particularly acute for small to medium-scale farming

operations (Gargiulo et al., 2023; Stott et al., 2020).

Deep Learning and Computer Vision for PB Estimation

Ground-level computer vision technologies offer complementary capabilities to satellite remote sensing
through provision of fine-scale PB estimation and pasture quality assessment at the paddock level.
These approaches leverage the ubiquity of smartphones, digital cameras and vehicle-mounted imaging
systems to enable frequent, low-cost monitoring that complements less frequent satellite data collection

whilst providing assessment of pasture characteristics including species composition, flowering stage
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and weed presence that is difficult to detect through multispectral satellite imagery alone (Freitas et al.,

2022; Lussem et al., 2019; Woodrow et al., 2023).

Methodological approaches for ground-based PB estimation have evolved from traditional machine
vision systems towards sophisticated DL architectures, reflecting broader technological advances in
computer vision and the gradual accumulation of training datasets. McCarthy et al. (2022) developed a
machine vision system using in-field cameras that detected pasture dry matter amount with r=0.715 and
RMSE=381.5 kg DM ha™ in predominantly perennial ryegrass paddocks through analysis of daily
images compared with C-Dax measurements. C-Dax is a vehicle-mounted optical sensor system that
uses active light reflectance to measure pasture mass rapidly across large areas, providing continuous
spatial coverage along transects as the vehicle traverses paddocks (Ogungbuyi et al., 2024; Rennie et
al., 2009). This traditional computer vision approach employed image analysis techniques to extract
visual features correlated with biomass, demonstrating the feasibility of automated monitoring through
fixed camera installations. Vahidi et al. (2023) advanced beyond conventional image analysis by
developing artificial neural network models for PB estimation using ultra-high-resolution RGB imagery
from UAVs, achieving robust performance across diverse paddock management conditions including
rest, bale grazing and sacrifice areas through integration of canopy height models with spectral features.
The shift from rule-based feature extraction towards data-driven learning of feature representations
marked a methodological transition enabling more nuanced capture of complex relationships between

visual patterns and PB characteristics.

However, the scarcity of comprehensive, labelled training datasets represents a fundamental constraint
limiting development and validation of robust DL models for agricultural applications. Traditional
supervised learning approaches requiring at a minimum scale thousands of annotated images prove
economically and logistically prohibitive for P-BDS, where ground truth collection demands labour-
intensive field measurements and destructive sampling protocols. This data scarcity bottleneck has
driven adoption of transfer learning strategies as an enabling technology for agricultural computer
vision, allowing development of high-performance models from limited domain-specific training data.
Transfer learning enables leveraging hierarchical feature representations learned from large-scale image
datasets such as ImageNet to initialise networks subsequently fine-tuned on limited agricultural
imagery. This substantially reduces data requirements whilst maintaining prediction accuracy
comparable to or exceeding conventional vegetation indices derived from multispectral imagery

(Narayanan et al., 2021; U et al., 2022).

Woodrow et al. (2023) demonstrated the practical application of transfer learning through
implementation of DenseNet121, a pretrained convolutional neural network architecture, for PB

estimation from smartphone photographs across extensive grazing lands in Queensland. The
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DenseNet121-based models achieved viable PB estimates, providing an accessible measurement
approach for resource-constrained pastoral operations that cannot afford the labour costs or equipment
investments required by traditional monitoring methods. The capacity to leverage pre-learned
representations from millions of general images and adapt them to pasture-specific characteristics
through fine-tuning on limited agricultural datasets represents a methodological breakthrough enabling
deployment of sophisticated DL approaches without requiring prohibitive ground truth collection
efforts. Feature extraction from intermediate convolutional layers of pretrained architectures including
VGG16, ResNet50 and InceptionV3 captures hierarchical visual patterns spanning low-level texture
and colour distributions through mid-level structural characteristics to high-level semantic
representations. These encoded pasture attributes relevant to biomass estimation prove difficult to

specify through hand-crafted features(Castro et al., 2020; Skovsen et al., 2019).

The integration of transfer learning with weak supervision strategies proves particularly valuable where
annotated training data remains scarce and expensive to acquire through manual labelling processes.
Narayanan et al. (2021) adapted VGG16 pretrained on ImageNet for multi-target regression of grass,
clover and weed biomass percentages from paddock imagery, employing data augmentation and
differential sample weighting to address missing labels and limited training set size. This approach
achieved competitive performance using only 261 training images, demonstrating the viability of DL
methodologies even for small agricultural datasets where traditional ML approaches might prove data-
limited. The capacity to leverage partially labelled data through semi-supervised learning frameworks
addresses a critical bottleneck in agricultural computer vision, where comprehensive ground truth
collection across diverse species compositions, growth stages and environmental conditions would
require prohibitive field effort. These systems enable rapid, non-destructive assessment that can be
readily integrated into routine farm management workflows, offering potential for democratising
precision pasture monitoring through ubiquitous consumer hardware rather than specialised sensing

equipment.

Advanced DL architectures including 3D convolutional neural networks and attention mechanisms
demonstrate emerging capabilities for temporal biomass prediction and quality assessment from
sequential imagery, moving beyond single-timepoint estimation towards trajectory modelling and
phenological stage classification. Castro et al. (2020) compared AlexNet, VGGNet and ResNet
architectures for forage breeding programme applications, demonstrating that deep residual networks
achieved superior performance for PB estimation from RGB orthoimages compared to conventional
vegetation index approaches or shallower network architectures. The capacity of deeper networks to
learn increasingly abstract feature hierarchies through residual connections that mitigate vanishing
gradient problems enables extraction of subtle visual cues relating to pasture density, species

composition and maturity that correlate with biomass accumulation and nutritive value characteristics
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(He etal., 2016; Kamilaris & Prenafeta-Boldu, 2018). However, translating these architectural advances
into farming systems faces persistent implementation constraints that constrain widespread adoption of

these technologies.

Image acquisition consistency is a primary factor limiting operational deployment of computer vision
approaches, with varying illumination conditions, camera angles, heights and timing relative to solar
position introducing systematic variability. This confounds model predictions and reduces reliability
under operational conditions (Lussem et al., 2019; McCarthy et al., 2022; Woodrow et al., 2023).
Standardisation of capture protocols including camera height, angle and timing is essential for
consistent feature extraction, though practical implementation across diverse farm environments and
management workflows presents significant logistical challenges. Shadows, specular reflections and
atmospheric conditions including haze or precipitation further degrade image quality and model
performance, necessitating robust preprocessing and quality control procedures to identify and reject
unsuitable acquisitions. The limited field of view inherent in ground-level imagery constrains spatial
coverage compared to satellite or aerial platforms, requiring multiple images to be captured to
characterise paddock-scale biomass distribution and introducing sampling considerations analogous to
traditional field measurement approaches. Vehicle-mounted or smartphone-based imaging systems
typically sample small areas (less than 1 m? per image) compared to paddock extents ranging from 1 to
20 ha in intensive dairy systems, necessitating strategic sampling designs to ensure representative

coverage whilst maintaining practical data collection efficiency.

Despite these implementation challenges highlighted above, smartphone-based or digital cameras
imaging systems offer compelling advantages including cost-effectiveness compared to specialised
multispectral sensors, durability under field conditions, and ubiquitous availability enabling rapid
deployment without substantial capital investment. Emerging smartphone capabilities including 3D
photogrammetry through structure-from-motion algorithms and video capture enabling temporal
sequence analysis present additional opportunities for enhanced PB estimation through integration of
structural and dynamic information complementary to static RGB imagery. Three-dimensional
reconstruction from multiple viewing angles captures canopy height and volume metrics analogous to
LiDAR-derived measurements whilst video sequences enable detection of canopy movement patterns
and temporal growth dynamics that static images cannot capture, potentially improving estimation

accuracy through fusion of spatial structure with spectral characteristics.

The convergence of increasingly capable smartphone cameras, expanding availability of pretrained
convolutional neural network architectures, and growing recognition of transfer learning as an enabling
methodology for data-efficient model development positions ground-based computer vision as a

complementary technology to satellite remote sensing for paddock-scale biomass monitoring. Critical

23



Chapter 2 | Literature Review

research priorities include establishment of standardised image acquisition protocols ensuring
consistency across diverse environmental conditions, systematic evaluation of transfer learning
approaches for adapting pretrained architectures to pasture-specific applications with minimal domain-
specific training data, and exploration of multi-modal fusion frameworks integrating 2D imagery with
3D structural information and temporal video sequences. Addressing these challenges through
coordinated research investment would enable smartphone-based computer vision systems to provide
cost-effective, high-frequency biomass monitoring bridging temporal gaps inherent in satellite
platforms whilst democratising access to precision pasture management technologies for resource-
constrained farming operations. The diverse remote sensing platforms employed for PB estimation
present distinct trade-offs amongst spatial resolution, temporal coverage, acquisition costs and
operational constraints. Table 2.2 summarises the key characteristics, limitations and representative
studies for satellite, UAV and ground-based monitoring approaches to facilitate platform selection

based on specific operational requirements and resource constraints.
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Sensors Spatial Temporal Acquisition and Coverage Area Key Limitations Papers
Resolution Resolution Operational Cost
Sentinel-2 10-20 m 5 days (cloud  Free acquisition; Continental Spectral saturation at high biomass, (Chen et al., 2021; Gargiulo et al., 2020;
dependent) operational costs (290 km swath)  cloud cover dependency, coarse Morse-McNabb et al., 2023; Ogungbuyi
limited to processing resolution for paddock-scale et al., 2024; Radeloff et al., 2024)
infrastructure
Landsat 8/9 30 m 16 days Free acquisition; Continental Lower temporal and spatial (Ali et al., 2025; Cai et al., 2024; Chen
operational costs (185 km swath)  resolution, spectral saturation, cloud et al., 2024; Nasiri et al., 2022)
limited to processing cover
infrastructure
PlanetScope 3-5m Daily Commercial Global Radiometric calibration challenges, (Cai et al., 2024; Dos Reis et al., 2020;
subscription; whole-  coverage spectral saturation, cost barriers Ogungbuyi et al., 2025)
farm monitoring
potentially exceeding
several thousand
dollars annually
UAV 1-10 cm User-defined High equipment and ~ Farm-scale Weather dependent, labour intensive, (Alvarez-Mendoza et al., 2022; Bendig
Multispectral (on-demand) operational costs (hectares per requires technical expertise, flight et al., 2015; Freitas et al., 2022; Ji et al.,
including flight) regulations, limited spatial coverage = 2023; Laplacette et al., 2025; Togeirode
maintenance, Alckmin et al., 2022)
insurance, pilot
training and data
processing
UAV RGB + 1-5 cm User-defined Moderate equipment ~ Farm-scale Limited spectral information, (Lussem et al., 2019; Vahidi et al., 2023)
StM (on-demand) cost; lower than (hectares per processing complexity, weather

multispectral but
similar operational
demands

flight)

dependent
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Sensors Spatial Temporal Acquisition and Coverage Area Key Limitations Papers
Resolution Resolution Operational Cost
Smartphone +  Variable (10-  User-defined Very low; leverages Paddock-scale Requires standardisation protocols, (McCarthy et al., 2022)
DL 50 cm) (continuous) existing consumer (manual lighting variability, limited
devices with sampling) automation
negligible ongoing
cost
Ground-based  Point Continuous Low to moderate Point or Spatial coverage limitations, labour (Lawson et al., 2022; Villalobos-
Proximal measurements  (automated) or equipment cost; transect for manual systems Villalobos & WingChing-Jones, 2023)
Sensors manual labour-intensive

operation adding
~AUDS$21-38 ha™!
year™!

Key: SfM = Structure from Motion (photogrammetry for canopy height models); DL = Deep Learning.

Note: Satellite platforms provide consistent temporal monitoring but face spectral saturation above ~3,000 kg DM ha™!. UAV systems enable higher resolution but require

operational expertise and favourable weather. Smartphone approaches offer flexibility and low cost but require validation across diverse conditions.
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Validation Methodologies and Dataset Limitations

The scarcity of comprehensive, high-quality ground truth datasets represents a pervasive constraint
limiting development and validation of robust, transferable prediction models across the pasture remote
sensing literature. Correa-Luna et al. (2024) independently evaluated minimum training data

requirements for a commercial satellite-based decision support tool in Australian dairy pastures

((Pasture.io.); https://pasture.io), showing that prediction accuracy improved substantially as both the
number of field measurements (taken with an rising plate meter calibrated against pasture cuts) and the
temporal frequency of calibration increased. Performance stabilised only when ground observations
were collected regularly (approximately fortnightly) across seasons and years. The labour-intensive
nature of traditional ground-truth protocols such as rising plate meter transects or destructive quadrat
harvesting restricts both the spatial extent and temporal frequency of reference datasets, particularly
when large numbers of paddocks must be monitored repeatedly. Research across pasture systems
consistently demonstrates that limited and spatially uneven ground truth data represent a fundamental
bottleneck constraining model calibration and validation in both experimental and commercial

applications (Bazzo et al., 2023; Dlamini et al., 2025; Gargiulo et al., 2020).

Rigorous validation of PB estimation systems requires careful consideration of appropriate cross-
validation strategies that accurately reflect real-world use case scenarios and avoid optimistic
performance estimates arising from inappropriate data splitting procedures. Standard random cross-
validation approaches prove fundamentally unsuitable for PB datasets exhibiting strong spatial
autocorrelation and temporal dependence, producing inflated performance metrics that fail to generalise
to new locations or time periods outside training data distributions (Meyer et al., 2018; Roberts et al.,
2017). Spatial cross-validation, whereby training and validation sets are separated based on geographic
location, provides realistic assessment of model transferability to new farms or regions. Meanwhile,
temporal cross-validation with models trained on historical data and validated on subsequent periods
evaluates capacity to generalise across seasons and years critical for operational decision support

systems requiring multi-year reliability (Correa-Luna et al., 2024; Stumpe et al., 2023).

Assessment of temporal transferability represents a particularly critical validation dimension frequently
neglected in published pasture monitoring studies. Models demonstrating strong performance during
development using data from single growing seasons commonly exhibit substantial degradation when
applied to subsequent years characterised by different climatic conditions, management practices or
phenological patterns, necessitating recalibration or retraining to maintain acceptable accuracy (Morse-
McNabb et al.,, 2023). Ogungbuyi et al. (2024) demonstrated that model performance varied
substantially across ten Australian dairy farms despite development using pooled training data, with

site-specific environmental conditions and management scenarios introducing variability that generic
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models failed to fully capture. The establishment of multi-year validation datasets spanning diverse
seasonal conditions proves essential for credible assessment of operational system reliability, though
limited research funding horizons and publication pressures frequently constrain temporal extent of
evaluation periods in academic studies (Correa-Luna et al., 2024; Filippelli et al., 2024; Smith et al.,
2023).

Research Priorities and Economic Considerations

The assessment of cost-benefit relationships and return on investment for remote sensing-based PB
monitoring systems across diverse farm scales and production systems remains limited. Quantitative
evidence from multi-year farm studies demonstrates substantial economic benefits of improved pasture
management in P-BDS. These benefits derive primarily from maximising utilisation of low-cost grazed
pasture relative to purchased supplements, and extending grazing season length (Fig. 2.2). However,
realising these benefits requires accurate PB information, with traditional measurement approaches
costing ~AUD$21-38 ha™! year™! (Rennie et al., 2010; Sanderson et al., 2001). These economic benefits
substantially exceed the cost of pasture measurement, providing strong economic justification for
investment in monitoring technologies that reduce labour requirements whilst maintaining

measurement accuracy.

Evidence from Multi-Year Commercial Farm Studies

Key Insight: Measurement-based
decisions generate 10-15x ROI

Additional Pasture
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Fig. 2.2 Economic benefits of improved pasture management and monitoring in commercial dairy systems.

Quantified economic impacts from multi-year farm studies in Ireland (8-year dataset) and New Zealand. Green

bars show positive benefits from improved management practices; red bar indicates costs from increased

28



Chapter 2 | Literature Review

purchased feed. Dashed vertical line represents typical measurement costs, demonstrating that management

benefits substantially exceed monitoring expenses

Comprehensive economic analyses incorporating technology costs (including ground truth
measurement equipment, processing software, technical support), labour savings relative to traditional
monitoring approaches and production benefits from improved feed budgeting and grazing management
would provide evidence base for investment decisions. Different monitoring strategies (satellite-only,
satellite plus UAV, satellite plus ground sensors) entail different cost structures and performance
characteristics, requiring systematic comparison to identify optimal approaches for different operational
contexts and management objectives (Cockburn, 2020; De Vries et al., 2023). The integration of PB
estimation outputs with whole-farm decision support systems requires development of user-friendly
interfaces, visualisation tools and decision algorithms that translate biomass maps into actionable
grazing management recommendations. Most farmers lack technical expertise to interpret complex
spatial datasets or quantitative model outputs, necessitating development of intuitive, graphics-based
decision support tools that present information in accessible formats. Incorporation of economic
optimisation frameworks that integrate PB availability with feed costs, milk production responses and
financial objectives would enhance value proposition and adoption likelihood of remote sensing-based
monitoring systems, though developing such frameworks is non-trivial given the complexity of whole-
farm financial objectives, long-term planning horizons, and farm-specific risk considerations that

extend well beyond pasture biomass and commodity prices.

In summary, critical research gaps constraining commercial application include the incomplete
resolution of spectral saturation effects at high PB levels where tactical grazing decisions are most
critical, the absence of robust temporal interpolation methods addressing cloud-induced data gaps in
high-rainfall climates, and the limited availability of multi-scenario validation datasets enabling
assessment of cross-seasonal performance stability. The pathway towards widespread adoption requires
coordinated efforts across near-term and long-term priorities. In the near term, establishing standardised
ground truth collection protocols reducing labour intensity whilst maintaining spatial and temporal
coverage, and developing transfer learning frameworks enabling model adaptation across regions with
minimal local calibration data represent achievable objectives. Longer-term priorities include
methodological advances in multi-sensor fusion algorithms integrating optical, SAR, weather data and
proximal sensing data streams, and comprehensive economic analyses quantifying return on investment
across diverse farm scales and production systems. Resolving spectral saturation and cloud gap
limitations would enable continuous automated biomass monitoring to replace labour-intensive manual
measurement, substantially reducing operational costs whilst improving the timeliness and spatial
coverage of grazing management decisions. Accurate, continuous PB estimation forms the essential

foundation for subsequent components of precision grazing management, enabling informed paddock
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allocation decisions and providing the baseline feed availability data necessary for calculating optimal
supplementation strategies when integrated with grazing behaviour monitoring and individual cow

feeding requirements.

GRAZING MANAGEMENT AND PASTURE UTILISATION MONITORING

Accurate estimation of available PB, whilst fundamental to feed budgeting decisions, represents only
one component of the information required for precision management in P-BDS. Knowing how much
pasture is available before grazing provides limited operational value without corresponding knowledge
of how much was actually consumed during grazing events (GE) and what residual PB remains for
regrowth. This distinction between pre-grazing PB availability and post-grazing residual levels defines
pasture utilisation efficiency, a critical metric that directly influences subsequent pasture regrowth rates,
nutritive value development and whole-farm feed budgeting accuracy (Gaffney et al., 2018; Holtgrave
et al., 2023). The capacity to quantify utilisation efficiency across multiple paddocks and grazing cycles
enables identification of suboptimal management practices where excessive residuals indicate
underutilisation whilst insufficient residuals compromise pasture persistence and productivity.
However, current approaches for monitoring GEs and calculating utilisation patterns rely predominantly
on labour-intensive manual observations or expensive wearable sensor technologies. This creates a
fundamental gap in the precision management toolkit that prevents operational implementation of
closed-loop systems linking pasture availability with actual consumption patterns (Chebli et al., 2022;

Lamanna, Bovo, & Cavallini, 2025; Nyamuryekung’e et al., 2023).

Pasture Utilisation Efficiency and Management Decision-Making

Pasture utilisation efficiency is one of the key factors determining the economic sustainability of grazing
operations, with broader implications for environmental outcomes through its influence on
supplementary feed demand and long-term pasture management. It governs the balance between
maximising forage consumption to reduce supplementary feed costs and maintaining adequate residuals
for pasture persistence and productivity (Garcia et al., 2014). Optimal utilisation balances competing
objectives of maximising forage consumption to reduce supplementary feed requirements whilst
maintaining sufficient residual PB to sustain rapid regrowth and prevent pasture degradation. The
relationship between grazing intensity and subsequent pasture productivity exhibits strong non-linear
characteristics, with both undergrazing and overgrazing compromising long-term pasture productivity
through different mechanisms (Garcia et al., 2014). Insufficient defoliation results in excessive
accumulation of mature, low-quality herbage that shades emerging tillers and reduces overall pasture

quality, whilst severe defoliation depletes carbohydrate reserves and compromises plant vigour,
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particularly under environmental stress conditions or when combined with inadequate rest periods

between GEs (Greenwood et al., 2018).

Quantifying actual utilisation efficiency requires accurate measurement of both pre-grazing and post-
grazing PB levels across individual paddocks and grazing events. The difference between these
measurements indicates the quantity of pasture consumed during the grazing period, enabling
calculation of pasture utilisation percentage relative to available PB. This information is essential for
multiple management decisions including adjustment of stocking rates to match feed availability,
optimisation of rotation schedules to ensure adequate regrowth periods, and calculation of
supplementary feed requirements when pasture consumption falls short of animal nutritional needs.
Furthermore, systematic monitoring of utilisation patterns across seasons and years provides diagnostic
information regarding grazing behaviour, paddock preferences and the effectiveness of rotational
grazing strategies. Utilisation patterns can also reveal underlying agronomic issues including inadequate
fertiliser application, weed encroachment (Narayanan et al., 2021; U et al., 2022), or poor pasture
species establishment that constrain biomass production and forage quality (Garcia et al., 2014).
Paddocks exhibiting consistently low utilisation may indicate issues with pasture quality, water
accessibility or fence configurations that constrain animal movement. In contrast, paddocks showing
excessive utilisation suggest allocation errors where insufficient area was provided relative to herd size

and feed demand (Lobert et al., 2021; Nickmilder et al., 2021).

Current Pasture Utilisation Monitoring Approaches and Operational Constraints

Visual observation and manual recording of grazing activities is the most widely adopted approach for
tracking animal location and inferring pasture utilisation patterns in commercial dairy operations.
Farmers typically rely on visual observation during routine farm activities to assess which paddocks
contain livestock at different times, recording this information in paper-based or digital farm
management systems (Chapman et al., 2016). This approach requires minimal capital investment and
leverages existing farm knowledge and observation skills. However, the temporal and spatial limitations
of manual observation methods constrain capacity to detect subtle changes in grazing behaviour or
utilisation efficiency that may indicate emerging management issues. Observations provide only
snapshot assessments at specific time points rather than continuous monitoring, potentially missing
short-duration GEs or changes in animal distribution within paddocks. The labour demands of
systematic observation across large farms managing numerous paddocks is prohibitive, whilst
subjective variability in visual PB assessment introduces uncertainty into pre-grazing and post-grazing

PB estimates used for utilisation calculations (Yang et al., 2011).
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Wearable sensor technologies have been developed to address limitations of manual observation
through continuous, automated tracking of animal location and behaviour patterns. Global Positioning
System (GPS) collar systems deployed on individual animals record position coordinates at regular
intervals ranging from seconds to minutes, enabling reconstruction of spatial movement patterns and
inference of paddock occupancy throughout each day. Integration of GPS location data with tri-axial
accelerometers enables classification of behaviour states including grazing, ruminating, resting and
walking based on characteristic head and body movement patterns. These systems provide detailed time
budgets and activity profiles for individual animals or grazing mobs (Vazquez Diosdado et al., 2015).
Chebli et al. (2022) investigated GPS collars and sensors for monitoring grazing behaviour and energy
balance of goats browsing in Mediterranean forest rangeland, deploying GPS collars recording position
at 5-minute intervals combined with tri-axial accelerometers capturing head movement patterns.
Classification algorithms applied to accelerometer data achieved accuracy exceeding 85% for
distinguishing grazing from non-grazing activities, enabling quantification of daily grazing duration
and spatial distribution patterns across heterogeneous rangeland landscapes (Chebli et al., 2022). In the
same vein, Nyamuryekung’e et al. (2023) demonstrated real-time monitoring of grazing cattle using
Long Range Wide Area Network (LoRaWAN) sensors to detect animal welfare implications via daily
distance walked metrics, with GPS collars transmitting location data at hourly intervals to cloud-based

processing platforms in extensive rangeland systems.

Despite these demonstrated capabilities for automated behaviour monitoring highlighted above, several
practical constraints prevent widespread adoption of GPS collar technologies in commercial P-BDS.
First, capital costs averaging several hundred dollars per collar create substantial investment
requirements for large herds, with a ~350-cow dairy (current average of the Australian dairy industry,
Dairy Australia In Focus 2025) requiring expenditure exceeding tens of thousands of dollars for whole-
herd monitoring. Second, battery life constraints necessitate periodic collar removal for recharging,
creating labour demands and potential data gaps during recharging periods. Third, collar durability
under harsh environmental conditions including rain, mud and animal interactions affects equipment
longevity and replacement costs. Fourth, data transmission challenges in areas with limited cellular or
wireless network coverage may necessitate deployment of supplementary infrastructure including base
stations or repeaters, further increasing system costs and complexity (Aquilani et al., 2022; Chebli et
al., 2022; Lamanna, Bovo, Bellisola, et al., 2025; Lamanna, Bovo, & Cavallini, 2025; Nyamuryekung’e
etal., 2023). Emerging virtual fencing systems such as Halter (New Zealand) and eShepherd (Australia)
integrate GPS tracking, accelerometer-based behaviour monitoring and remote paddock allocation
control through collar-mounted devices, addressing several traditional GPS collar constraints through
automated grazing management (Anderson, 2007; Herlin et al., 2021; Verdon et al., 2024; Verdon et
al., 2021). However, whole-herd deployment costs, ongoing connectivity subscription fees and

logistical complexity of collar management continue to limit adoption, maintaining demand for
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alternative low-cost monitoring approaches such as satellite-based detection methods. Ear-tag
accelerometer sensors represent an emerging lower-cost alternative to GPS collar systems, with
longitudinal behavioural data from these devices increasingly supporting management decisions

beyond simple activity monitoring (Cavallini et al., 2025).

Satellite-Based Detection Potential and Temporal Resolution Constraints

Satellite-based approaches offer potential for low-cost, non-invasive monitoring of grazing activities
through detection of vegetation change patterns resulting from animal defoliation. The temporal
signature of vegetation indices following GEs provides indirect evidence of livestock presence and
consumption intensity through detection of rapid PB decreases inconsistent with gradual seasonal
senescence or meteorological stress patterns. Gaffney et al. (2018) demonstrated strong correlations
between stocking rate and remotely-sensed PB metrics at pasture scale, with fall mean PB (correlation
coefficient of -0.52 to -0.56) and the 10th percentile of relative difference between summer and fall PB
(correlation coefficient of -0.47 to -0.52) providing robust indicators of grazing intensity in bunchgrass-
dominated systems. These relationships enable inference of management practices and pasture
utilisation patterns from satellite time series without requiring direct animal monitoring through GPS
collars or behavioural sensors, substantially reducing infrastructure and operational costs whilst

enabling retrospective analysis and benchmarking across multiple farms or regions.

However, distinguishing grazing-induced vegetation change from confounding factors including
natural senescence, drought stress, disease or management operations presents the primary
methodological challenge for automated GE detection systems. The magnitude of vegetation index
response to grazing depends critically on pre-grazing PB level, grazing intensity quantified as
proportion of available PB consumed, and spectral characteristics of residual vegetation following
defoliation (Gaffney et al., 2018; Numata et al., 2008). At high pre-grazing PB levels exceeding 3 t DM
ha™', vegetation indices may exhibit minimal response to moderate grazing intensity due to spectral
saturation effects previously discussed, whilst at low pre-grazing PB natural variability in vegetation
indices may exceed the signal attributable to grazing. The temporal resolution of freely available
satellite imagery is insufficient to capture GEs occurring between image acquisition dates, particularly
problematic for short-duration rotational grazing where animals occupy individual paddocks for only 1
to 3 days. The five-day nominal revisit of Sentinel-2 for example becomes substantially longer under
persistent cloud cover conditions characteristic of temperate coastal and high-rainfall climates where

operational applications require GE detection (Holtgrave et al., 2023; Lobert et al., 2021).

Cloud cover persistence can also result in prolonged gaps spanning multiple weeks without usable

satellite data, preventing detection of individual GEs and limiting temporal precision of grazing date
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estimates. This temporal discontinuity is particularly problematic in intensive rotational grazing systems
common in commercial dairy operations. Multiple paddocks may be grazed in rapid succession, and
accurate GE timing is essential for calculating rest periods and planning subsequent grazing allocations.
Whilst the temporal constraints described above apply primarily to freely available satellite platforms
including Sentinel-2 and Landsat, commercial high-frequency satellite constellations including Planet
CubeSat provide daily 3-5 m resolution imagery that substantially alleviates cloud-related data gaps
and enables detection of short-duration grazing events (Ogungbuyi et al., 2024). However, commercial
satellite data costs create substantial ongoing operational expenses, with whole-farm monitoring
potentially exceeding several thousand dollars annually depending on acquisition frequency and spatial
coverage requirements, raising questions regarding economic viability for typical commercial dairy
systems. The economic trade-off between freely available platforms with limited temporal resolution
versus commercial systems providing daily coverage but requiring significant capital investment

remains inadequately addressed in published literature.

ML classification approaches trained on datasets combining satellite imagery time series with ground
truth records of GEs can learn to distinguish characteristic temporal signatures of grazing from other
vegetation change processes, but require substantial training data spanning diverse conditions to achieve
robust performance. The scarcity of publicly available datasets containing precisely georeferenced and
temporally resolved grazing records limits development and validation of automated GE detection
algorithms. Most published studies rely on small datasets from single farms or regions, constraining
assessment of model transferability across diverse environmental and management contexts (Correa-

Luna et al., 2024; Holtgrave et al., 2023; Lobert et al., 2021).

Multi-Sensor Fusion and Machine Learning for Grazing Management

Integration of optical and synthetic aperture radar time series substantially improves GE detection
reliability through complementary sensitivity to vegetation structure and reduced vulnerability to cloud-
related data gaps. Holtgrave et al. (2023) demonstrated that fusion of Sentinel-1 SAR with Sentinel-2
optical and meteorological time series enhanced mowing event detection accuracy in permanent
grasslands compared to optical-only approaches SAR backscatter provided vegetation structure
information independent of atmospheric conditions, whilst meteorological data enabled discrimination
of management events from natural vegetation responses to environmental variation. Support vector
machine and convolutional neural network classifiers integrating multiple sensor modalities achieved
detection accuracies exceeding 85% across diverse grassland management intensities, though
performance degraded substantially when models trained on one region were applied to geographically
distant locations without local recalibration, highlighting challenges in developing transferable

detection algorithms. These findings suggest that single-sensor optical approaches are insufficient for
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reliable grazing event detection under cloud-affected conditions, with multi-sensor integration
combining optical, SAR, and meteorological data offering the most promising pathway toward

operational accuracy.

Lobert et al. (2021) conducted systematic evaluation of input features from Sentinel-1, Sentinel-2 and
Landsat 8 time series for mowing event detection, and reported that dense temporal sampling proved
critical for distinguishing rapid vegetation change from gradual phenological development or
environmental stress responses. The study emphasised that temporal resolution requirements for reliable
grazing event detection exceed capabilities of freely available optical satellite platforms under typical
cloud cover conditions, necessitating strategic integration of multiple platforms or interpolation
approaches to achieve operational monitoring frequency. Integration of contextual information
regarding farm management calendars, seasonal patterns and environmental conditions through
supervised ML classification approaches enables learning of characteristic temporal signatures that
distinguish grazing from alternative vegetation change processes. However, the labour-intensive nature
of creating training datasets with accurately labelled grazing events across diverse farms, seasons and
management systems constrains development of robust, generalisable detection algorithms (Nickmilder
et al., 2021). Table 2.3 summarises the key methods, data, and performance metrics reported across

automated grazing detection and pasture utilisation monitoring studies reviewed in this section.
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Table 2.3 Summary of automated approaches for grazing event detection and pasture utilisation monitoring.

Study Method/Sensor Task Data Key Metric
Gaffney et al. Satellite biomass Grazing intensity ~Semi-arid Correlation coefficient
(2018) metrics inference rangeland, USA —0.52 to —0.56 with
stocking rate
Chebli et al. (2022)  GPS collars and tri- Grazing Goats, >85% accuracy
axial accelerometers behaviour Mediterranean distinguishing grazing
classification forest rangeland from non-grazing
Nyamuryekung’e LoRaWAN GPS Real-time Cattle, extensive Hourly location
et al. (2023) sensors grazing rangeland systems  transmission to cloud
monitoring platform
Holtgrave et al. SVM and CNN with Mowing event Permanent >85% detection
(2023) optical, SAR and detection grasslands, accuracy
meteorological data Germany
Lobert et al. (2021)  Sentinel-1, Sentinel-2 Mowing event Permanent Dense temporal
and Landsat 8 time detection grasslands, sampling critical for
series Germany reliable detection
Nickmilder et al. ML with Sentinel-1, Compressed Walloon pastures,  Multiple data
(2021) Sentinel-2 and sward height Belgium transformations
meteorological data prediction evaluated

Note: SVM = support vector machine; CNN = convolutional neural network; SAR = synthetic aperture radar;
GPS = global positioning system;, LoRaWAN = long range wide area network. Detection accuracies and
performance metrics reflect different tasks, sensors, animal species, and environmental contexts and are not

directly comparable across studies.

Research Priorities and Pathways to Operational Precision Grazing Systems

A fundamental challenge constraining the implementation of automated grazing event detection is the
insufficient temporal resolution of freely available satellite platforms for reliably detecting short-
duration GEs characteristic of intensive rotational systems. The associated research gap therefore lies
in developing methods that work effectively within these temporal constraints (Holtgrave et al., 2023;
Lobert et al., 2021). Whilst satellite-based vegetation monitoring provides paddock-scale spatial
coverage at substantially lower cost than GPS collar technologies, the temporal sampling frequency is
inadequate for capturing grazing events lasting approximately 1 to 3 days, particularly when
compounded by cloud-induced data gaps. This temporal resolution limitation prevents reliable

calculation of pre-grazing and post-grazing PB levels that are essential for quantifying utilisation
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efficiency. Without automated detection of grazing event timing, integration of PB estimation models
developed through approaches with utilisation monitoring remains impractical. Manual recording of
grazing dates reintroduces human dependency and the potential for inconsistent or incomplete records
across multiple paddocks simultaneously, undermining the continuity and reliability that automated

monitoring aims to provide (Heins et al., 2023).

Additionally, development of automated grazing detection systems represents a critical enabling
technology for precision grazing management, with cost-effectiveness determining commercial
viability alongside accuracy requirements. Without automated detection, manual recording reintroduces
labour costs whilst GPS collar technologies achieving high accuracy face capital costs that constrain
whole-herd adoption (Chebli et al., 2022; Lamanna, Bovo, & Cavallini, 2025). The integration
framework requires three interconnected components operating in concert. First, continuous PB
estimation using satellite or ground-based computer vision approaches to provide pre-grazing PB
assessment informing tactical paddock allocation decisions. Second, automated detection of GE timing
to enable calculation of post-grazing residual PB through comparison of vegetation indices immediately
before and after livestock presence in each paddock. Third, quantification of pasture intake through
differences between pre-grazing and post-grazing PB can provide the baseline for calculating

supplementary feed requirements.

Critical research priorities for advancing automated grazing detection span near-term and longer-term
objectives. In the near term, development of temporal interpolation methods combining optical and
SAR satellite data with meteorological information would increase effective temporal sampling
frequency under cloud-covered conditions, whilst establishment of comprehensive multi-farm training
datasets containing precisely georeferenced grazing records across diverse environmental conditions,
management systems and seasonal patterns would enable robust ML classification algorithms with
demonstrated transferability. Longer-term, investigation of high-frequency nanosatellite constellations
such as Planet CubeSat presents opportunities to increase temporal coverage and reduce cloud-related
data gaps compared to Sentinel-2, though economic feasibility at commercial farm scale requires
systematic evaluation given substantially higher data costs relative to freely available platforms
(Gargiulo et al., 2020). Systematic comparison of alternative sensor fusion frameworks and ML
architectures would identify optimal approaches for distinguishing grazing-induced vegetation change
from confounding processes including senescence, drought stress and management operations (Correa-
Luna et al., 2024; Shahi et al., 2025). Cost-effective automated grazing detection would eliminate
dependence on expensive wearable sensor technologies, making utilisation efficiency monitoring

accessible to commercial farms at scale.
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ARTIFICIAL INTELLIGENCE FOR SUPPLEMENTARY FEED ALLOCATION IN
PASTURE-BASED DAIRY SYSTEMS

Quantifying PB availability through satellite RS and ML algorithms provides essential information for
tactical grazing allocation decisions, whilst automated detection of grazing events enables calculation
of actual pasture consumption and utilisation efficiency. However, within the integrated precision
management context of this review, the full operational value of these monitoring capabilities is only
realised when combined with corresponding systems that translate pasture availability and pasture
utilisation patterns into individual cow feeding strategies. Pasture monitoring nonetheless retains
independent value for rotation planning and stocking rate decisions regardless of supplementation level.
The integration loop remains incomplete until real-time PB estimates and consumption data inform
precision supplementation decisions that account for the deficit between pasture intake and individual
animal requirements. Pasture-based dairy systems face an economic challenge where pasture alone
provides insufficient energy and nutrients to support high milk production levels, necessitating
concentrate supplementation to bridge the nutritional deficit. This supplementation creates economic
tension because concentrate is typically 3 to 5 times more expensive per kilogram of dry matter than
pasture (Clark et al., 2018; Kolver, 2003). Supplementary concentrate represents between 40-60% of
total production costs in P-BDS, creating tension between production potential and feed costs that

demands precise determination of optimal supplementation levels for each cow (Craig et al., 2022).

The critical question becomes: how much concentrate should each individual cow receive to maximise
profit given her unique capacity to convert supplementary feed into milk production whilst accounting
for variable pasture availability and quality? Despite this reality, approximately 78% of Australian and
New Zealand dairy operations continue to employ flat-rate feeding strategies that distribute identical
concentrate allowances across all cows regardless of individual production potential, physiological
state, or nutritional requirements (Akintan et al., 2025; Dela Rue & Eastwood, 2017). This persistent
reliance on simplified herd-average approaches reflects not complacency but rather the absence of
practical, validated systems capable of automating individualised feeding decisions in commercial
grazing environments. The documented potential for precision feeding to increase milk solids yield by
approximately 7% compared to flat-rate allocation (Garcia et al., 2007) establishes compelling
economic incentive for technological innovation, creating opportunity for Al and ML to transform feed
management from crude averaging toward genuine optimisation of individual animal responses that
completes the precision management loop linking pasture availability, utilisation efficiency, and cow-

specific supplementation requirements.
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Biological Variability and the Inadequacy of Linear Prediction Models

Individual dairy cows within nominally homogeneous herds exhibit substantial variation in MY
responses to supplementary feeding arising from genetic differences, metabolic efficiency, stage of
lactation, body condition, health status, and behavioural characteristics that traditional herd-level
management approaches cannot accommodate (Hills et al., 2015). This biological heterogeneity
manifests as non-linear dose-response relationships where the marginal MY increase per kilogram of
concentrate diminishes as supplementation levels rise, with response curves differing substantially
between individual animals (Liebe & White, 2019). Flat-rate feeding strategies that ignore this
variability inevitably overfeed some cows whose marginal response to additional concentrate has
reached minimal levels whilst simultaneously underfeeding others capable of converting supplementary
nutrients into additional milk production at economically favourable rates. The aggregate consequence
of this mismatch between supply and individual requirements creates systematic inefficiency where
total feed costs exceed minimum levels necessary to achieve observed herd MY whilst simultaneously

constraining potential production from cows capable of higher performance (Clark et al., 2018).

Traditional biological models attempting to predict individual cow nutritional requirements and MY
responses employ linear or logistic regression frameworks incorporating variables including liveweight,
days in milk, parity, and recent production history (Krizsan et al., 2014; Raedts & Hills, 2024). These
parametric approaches assume that relationships between predictor variables and MY responses
conform to predetermined functional forms specified a priori by model developers, constraining
capacity to capture complex interactions and non-linear responses characteristic of biological systems
(Little et al., 2016). Evaluation of five widely employed feed intake prediction models using 2,161
individual cow observations across 24 trials in Nordic countries demonstrated mean prediction errors
ranging from 1.62 to 3.19 kg DM d™! for dry matter intake (DMI), with substantial variation in accuracy
across different environmental conditions and management scenarios (Krizsan et al., 2014). This
magnitude of prediction error, when propagated through feeding decisions across entire lactations and
multiple animals, translates into considerable economic losses from suboptimal resource allocation. he
fundamental limitation lies not in insufficient model complexity but rather in the parametric assumption
that biological responses can be adequately characterised through linear combinations of predictor
variables, particularly when complex interactions and non-linear relationships are present among cows

(Raedts & Hills, 2024).

Machine Learning for Capturing Non-Linear Individual Cow Variability

ML algorithms offer methodological alternatives to traditional linear models through capacity to learn
complex, non-linear relationships directly from data without requiring explicit specification of

functional forms. Tree-based ensemble methods such as Random Forest and Gradient Boosting
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Machines construct predictions by combining multiple weak learners, enabling capture of interactions
and non-linearities that confound parametric approaches (Shine & Murphy, 2022). Neural networks
learn hierarchical representations through multiple processing layers, with deep architectures
demonstrating particular capability for extracting subtle patterns from high-dimensional datasets
incorporating diverse data streams (Martin et al., 2021). These data-driven approaches are especially
valuable for modelling individual cow MY responses where relationships between predictor variables
and outcomes exhibit the complexity characteristic of biological systems rather than conforming to

predetermined mathematical functions.

Recent implementations of ML for individual cow feeding decisions demonstrate superior predictive
performance compared to conventional biological models. Kamphuis et al. (2017) applied boosted
regression trees to predict individual feed intake in dairy cows from a single research farm in the
Netherlands using 245 cows for model development and 155 cows for validation, achieving moderate
correlations (r = 0.73) between actual and predicted intakes using feeding behaviour patterns,
demonstrating viability of behaviour-based predictions in commercial environments. Davison et al.
(2021) employed linear mixed models incorporating feeding behaviour variables to predict DMI in
finishing beef steers across 80 animals over a 56-day period in Scotland, attaining R? values between
0.59 and 0.73 across different analytical techniques, confirming that behavioural patterns captured
through automated monitoring systems contain information content sufficient for intake prediction. For
dairy-specific applications, Song et al. (2025) developed individual cow models for predicting daily
MY using nonlinear regression analysis applied to 580 individual cow datasets, achieving R? = 0.875
and RMSE = 2.2 kg, enabling real-time anomaly detection for health monitoring alongside feeding

optimisation.

Ensemble methods that integrate multiple data streams demonstrate enhanced performance through
synergistic combination of complementary information sources. Martin et al. (2021) compared multiple
linear regression, partial least squares regression, artificial neural networks, and stacked ensembles
using combinations of cow descriptive data, performance metrics, sensor-derived behavioural
information, and blood metabolite measurements from 124 mid-lactation Holstein cows. Stacked
ensemble approaches consistently outperformed single-algorithm methods for predicting DMI and
residual feed intake. This demonstrated that integration of diverse data sources through sophisticated
ML architectures enables more accurate characterisation of individual cow requirements than
achievable through any single data stream or analytical method. Similarly, Monteiro et al. (2024)
leveraged ensemble methods with feature engineering to explore rumen microbiome contributions to
feed efficiency in 454 genotyped Holstein cows, successfully identifying key microbial taxa linked to
residual feed intake whilst demonstrating that rumen microbiome composition represents a major driver

of between-animal variation in feed conversion efficiency.
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Computer vision approaches using red-green-blue-depth (RGB-D) camera systems integrated with deep
DL algorithms enable automated monitoring of individual feeding behaviour without requiring manual
intervention or specialised sensing equipment attached to animals. Saar et al. (2022) investigated
computer vision applications for measuring individual feed consumption through RGB-D cameras
combined with convolutional neural network architectures. Performance evaluation revealed prediction
errors of 0.12 to 0.13 kg per feeding event mean absolute error (MAE) and 0.17 to 0.18 kg per feeding
event RMSE when validated against manual data collection, with real-world automated testing
producing MAE = 0.14 kg per feeding session and RMSE = 0.19 kg per feeding session. These accuracy
levels approach requirements for practical farm-scale implementation whilst eliminating labour
associated with manual intake measurement or maintenance demands of individual animal sensors.
Table 2.4 summarises the key ML approaches, data, and performance metrics reported across individual

cow feeding prediction studies reviewed in this section.

Table 2.4 Summary of machine learning approaches for individual cow feeding prediction in pasture-based dairy

systems.
Study Algorithm Outcome Variable Data Key Metric
Kamphuis et Boosted Individual feed 245 cows for development, r=0.73
al. (2017) Regression intake 155 for validation, single
Trees research farm, Netherlands
Davison etal.  Linear Mixed Dry matter intake 80 finishing beef steers, R?=0.59-0.73
(2021) Models 56-day period, Scotland
Martin et al. Stacked DMI and residual 124 mid-lactation Holstein ~ Outperformed
(2021) Ensembles feed intake cows, multiple data single-algorithm
streams methods
Monteiro et al. Ensemble Feed efficiency 454 genotyped Holstein Identified key
(2024) Methods with cows, rumen microbiome microbial taxa
feature data linked to RFI
engineering
Song et al. Nonlinear Daily milk yield 580 individual cow R2=0.875, RMSE =
(2025) Regression datasets 2.2 kg
Saar et al. Convolutional Individual feed RGB-D camera system, MAE =0.12-0.14
(2022) Neural Network  consumption per automated farm setting kg per event

event

Note: R? = coefficient of determination; r = Pearson correlation coefficient; MAE = mean absolute error;, RMSE
= root mean square error; DMI = dry matter intake; RFI = residual feed intake. Metrics reflect different outcome

variables, animal species, and study contexts and are not directly comparable across studies
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Optimisation Algorithms for Individualised Feed Allocation

Predicting individual cow MY responses to varying concentrate levels, whilst necessary, proves
insufficient for operational feeding decisions without corresponding optimisation frameworks that
translate predictions into actionable allocation strategies aligned with farm objectives and constraints.
Linear programming provides the most widely implemented mathematical approach for feed
formulation, balancing nutritional requirements against economic constraints through optimisation of
linear objective functions subject to linear equality and inequality constraints (Bellingeri et al., 2020).
Implementation of linear programming for 29 Holstein-Friesian herds with average size of 313.2 +
144.1 lactating cows demonstrated capacity to formulate diets for each animal group whilst respecting
DMI limits and fulfilling crude protein, energy, and fibre requirements, achieving substantial cost
reductions compared to conventional formulation approaches. The Simplex method of linear
programming has been deployed in practical web-based tools including OPTIMILK, which
accumulated 62 registered users who saved 581 rations over a 3.5-year evaluation period, confirming
commercial viability of mathematical programming approaches for routine farm management (Miji¢ et

al., 2024).

Nonlinear programming extends optimisation capabilities beyond linear assumptions to address
inherent nonlinearities in animal nutrition responses. Li et al. (2022) applied non-linear programming
to dairy cattle ration formulation for 841 cow-period observations across 31 chamber studies,
incorporating gross energy intake variations (coefficient of variation = 0.10) and milk energy output
efficiency (coefficient of variation = 0.084) to optimise feeding strategies. The nonlinear approach
demonstrated superior performance compared to linear models when addressing complex interactions
between nutrients and animal responses, particularly for handling between-cow variations in feed
efficiency components. Stochastic programming models extend deterministic optimisation frameworks
by incorporating uncertainty in feed composition and market prices, addressing real-world variability
affecting dairy operations through probabilistic approaches that prove particularly valuable for P-BDS
where feed quality varies substantially with environmental conditions (Dowson et al., 2019; Pena et al.,

2009).

Evolutionary algorithms including genetic algorithms and differential evolution enable multi-objective
optimisation that addresses competing goals beyond simple cost minimisation through population-
based search strategies that identify trade-offs amongst multiple objectives. Although more complex
than other optimisation approaches like linear programming, evolutionary algorithms have the
advantage of reduced susceptibility to becoming trapped in local optima through their population-based
parallel search mechanisms (Cao et al., 2016; Peiia et al., 2009). Notte et al. (2020) implemented multi-

objective optimisation models using differential evolution algorithms for dairy feeding management,
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evaluating mono-objective and multi-objective scenarios across stocking rates ranging from 1.1 to 2.6
cows ha™ using 48 Holstein cows in a 17-week randomised complete block design. The differential
evolution solutions approached linear programming optimal solutions with differences between 0.23%
and 6.17% across stocking rates, whilst analysis demonstrated that increasing stocking density enhanced
MY and gross margin per unit area whilst shifting feed allocation from roughage toward concentrate
supplementation. Extension to multi-objective frameworks using both genetic algorithms and
differential evolution enables generation of Pareto front approximations that present decision-makers
with sets of non-dominated solutions representing different trade-offs between objectives including
profitability maximisation, feed cost minimisation, and environmental impact reduction (Notte et al.,

2021).

The integration of ML prediction models as surrogate models within optimisation frameworks
represents a critical technical opportunity for precision feeding implementation. Conventional
optimisation approaches employing mechanistic biological models face computational bottlenecks
when evaluating large solution spaces across multiple animals and time periods, particularly for
nonlinear and stochastic formulations requiring iterative solver algorithms. Highly performant ML
models trained on comprehensive datasets can generate MY predictions orders of magnitude faster than
mechanistic simulations whilst maintaining or exceeding prediction accuracy, enabling their use as
surrogate models within optimisation loops that require thousands of function evaluations (Franzoi et
al., 2022; Wang et al., 2020; Williams & Cremaschi, 2021). This surrogate modelling approach can be
particularly valuable for evolutionary algorithms including genetic algorithms and differential evolution
that operate through iterative improvement of candidate solutions, where replacing mechanistic model
evaluations with rapid ML predictions dramatically reduces computational time whilst maintaining
optimisation quality. Single-objective optimisation frameworks focus on maximising profit or
minimising cost subject to nutritional and operational constraints, whilst multi-objective approaches
simultaneously address competing goals enabling identification of feeding strategies that balance

economic returns with environmental sustainability metrics or animal welfare considerations.

The Critical Gap: Automated Integration and Demonstrated Performance in P-BDS

The fundamental research gap constraining practical adoption of Al-driven precision feeding lies in the
absence of empirical evidence demonstrating that automated systems integrating multiple data sources
with ML and optimisation algorithms can actually deliver increased milk yield by leveraging biological
variability amongst individual cows to determine optimal individualised supplementation levels. Whilst
ML algorithms demonstrate superior predictive performance for individual cow responses compared to
linear models (Kamphuis et al., 2017; Song et al., 2025), and optimisation frameworks including genetic

algorithms and differential evolution can identify optimal feeding strategies, no published research has
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experimentally validated whether fully automated systems translating these predictions into practice
produce measurable MY improvements and cost savings in commercial P-BDS. The 7% milk solids
increase from individualised feeding documented by Garcia et al. (2007) was achieved through manual
adjustment based on predetermined rules rather than Al-driven automation, leaving unresolved whether
automated ML-optimised systems can replicate or exceed these gains whilst simultaneously reducing
labour demands (Clark et al., 2018; Craig et al., 2022). Beyond algorithmic performance, this validation
gap carries direct economic consequences, as prediction errors propagating through automated feeding
decisions across entire lactations and large herds translate into quantifiable losses from suboptimal

concentrate allocation.

The challenge extends beyond algorithm development to practical integration of heterogeneous data
sources that collectively characterise individual cow requirements and environmental constraints.
Effective precision feeding demands synthesis of cow-specific characteristics including liveweight,
days in milk, parity, genetic merit, body condition score, and recent production history. Real-time
information streams including weather patterns affecting pasture quality and intake behaviour,
automated milk yield recording from milking systems, behavioural sensor data capturing rumination
and activity patterns, and feed intake measurements from electronic feeding stations are equally
essential (Kamphuis et al., 2017; Martin et al., 2021; Song et al., 2025). Current ML model development
relies predominantly on retrospective observational data reflecting existing flat-rate or narrow-range
feeding practices, constraining model capacity to learn dose-response relationships across the full range
of physiologically plausible supplementation levels (Dela Rue & Eastwood, 2017). Models trained on
such datasets can identify correlations between cow characteristics and production outcomes under
observed management, but experimental validation through automated systems that actively manipulate
feeding rates based on ML predictions and optimisation algorithms remains absent from the published

literature (Souza et al., 2022).

The distinction between demonstrating that ML models can predict individual responses and proving
that Al-automated systems leveraging these predictions can actually increase production carries
profound practical and economic implications. Farmers require evidence that automated individualised
feeding delivers quantifiable MY gains sufficient to justify capital investment in sensing infrastructure,
electronic feeding systems, and data management platforms whilst simultaneously reducing labour
compared to conventional flat-rate approaches (Cockburn, 2020; De Vries et al., 2023). Addressing this
validation gap requires field trials where ML-optimised feeding recommendations integrating multiple
data sources are implemented automatically through electronic feeding systems. These trials should
span sufficient animals and duration to capture responses under varying environmental conditions and
lactation stages, enabling definitive assessment of whether Al-driven precision feeding delivers

measurable improvements in practice (Shine & Murphy, 2022; Tzanidakis et al., 2023).
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Beyond immediate quantification needs, the research gap extends to understanding mechanisms through
which Al systems achieve improvements by exploiting between-cow variability whilst integrating
diverse data streams. Farmers adopting precision feeding technologies require transparent explanations
regarding why specific cows receive particular allocations, how weather patterns or behavioural
changes influence feeding decisions, and how individual feeding decisions aggregate to herd-level
production and economic outcomes. The black-box nature of ensemble ML methods and neural
networks producing recommendations without interpretable reasoning limits farmer trust in automated
suggestions even when predictions demonstrate statistical accuracy (Cabrera & Fadul-Pacheco, 2021).
Development of explainable Al methodologies that provide transparent justifications whilst
maintaining prediction accuracy would enhance adoption likelihood, but ultimately farmer confidence
depends on demonstrated proof that automated systems deliver measurable, sustained improvements in
MY and profitability across realistic operational timeframes and varying environmental conditions

rather than theoretical predictions based on correlational patterns in historical datasets.

Implementation Challenges and Research Priorities

Translating algorithmic capabilities into operational precision feeding systems faces multiple technical
and practical challenges that constrain commercial adoption despite demonstrated potential. Manual
adjustment of individual cow feed allocations is prohibitively time-consuming for large herds, whilst
automated feeding systems capable of delivering individualised concentrate require substantial capital
investment in electronic identification, controlled access feeding stations, and data management
infrastructure often exceeding economic viability thresholds particularly for smaller operations
(Cockburn, 2020; De Vries et al., 2023). Integration of diverse data streams including automated MY
recording, behavioural sensors, PB estimates from satellite or computer vision systems, and weather
data into unified decision support platforms demands technical expertise and robust error handling
procedures to address missing measurements, sensor failures, and data quality issues frequently

unavailable on commercial farms.

Computational efficiency considerations are critical for practical implementation when optimisation
algorithms must process problems involving hundreds of individual animals updated multiple times
daily. Leveraging ML models as surrogate functions within evolutionary algorithms optimisation loops
including genetic algorithms and differential evolution minimises computational demands compared to
mechanistic model evaluations, enabling real-time feeding decisions at farm scale (Franzoi et al., 2022;
Notte et al., 2021; Uyeh et al., 2019; Williams & Cremaschi, 2021). However, systematic comparison
of alternative evolutionary algorithms frameworks for single-objective versus multi-objective
formulations, deterministic versus stochastic programming, and hybrid approaches would identify

optimal methodologies for different problem scales and constraint structures. Algorithm explainability
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represents emerging priority because ensemble methods and neural networks function as black boxes
producing recommendations without transparent reasoning, limiting farmer confidence in automated
suggestions (Cabrera, 2025; Cabrera & Fadul-Pacheco, 2021). Development of explainable Al
methodologies providing interpretable justifications whilst maintaining prediction accuracy would

enhance trust and adoption likelihood.

Critical research priorities center on establishing whether Al-automated individualised feeding delivers
quantifiable MY increases by leveraging cow-to-cow variability. In the near term, controlled field trials
implementing ML-optimised recommendations through automated feeding systems compared against
flat-rate controls across sufficient animals, duration, and farm diversity would enable causal assessment
of production responses and economic returns under varying pasture availability and climatic
conditions. Integration of real-time PB estimates from satellite or computer vision with automated
grazing event detection and individual cow predictions would enable dynamic feeding decisions
adapting to actual pasture consumption patterns, closing the precision management loop linking
biomass availability, utilisation efficiency, and optimised supplementation (Shorten, 2021). The
assessment of minimum infrastructure requirements and alternative sensing configurations would
identify cost-effective approaches suitable for resource-constrained operations, whilst comprehensive
economic analyses incorporating technology costs, labour savings, and sustained production benefits
across diverse farm scales remain essential for evidence-based investment decisions. Looking further
ahead, longitudinal assessment spanning five or more years would establish realistic expectations
regarding system reliability, maintenance demands, and economic returns under varying market and
environmental scenarios, addressing fundamental farmer concerns regarding technology robustness and
return on investment. Validated automated individualised feeding systems would transform a
theoretically documented production gain into a commercially realisable outcome, simultaneously
reducing labour demands and improving feed use efficiency. Successful transition from experimental
demonstration to widespread commercial adoption ultimately depends on validated proof that
automated precision feeding systems deliver measurable improvements where theoretical algorithms

meet operational reality.

In summary, the convergence of advancing capabilities in PB estimation through satellite remote
sensing and ML, emerging potential for automated grazing event detection enabling pasture utilisation
quantification, and demonstrated superiority of ML algorithms for predicting individual cow responses
positions precision management as an achievable goal for commercial P-BDS. However, realising
integrated systems requires addressing persistent challenges spanning multiple domains. For PB
estimation, spectral saturation at high PB levels, cloud-induced temporal gaps, and limited ground truth
availability constrain satellite-based approaches (Correa-Luna et al., 2024; Morse-McNabb et al., 2023),

whilst computer vision using smartphone imagery with DL offers complementary capabilities
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maintaining sensitivity across broader biomass ranges. For grazing management, insufficient temporal
resolution prevents reliable detection of short-duration grazing events characteristic of intensive
rotational systems, representing the critical missing link between biomass availability and pasture

utilisation efficiency quantification.

For precision feeding, the critical gap lies in the absence of evidence demonstrating that Al-automated
systems integrating ML predictions with evolutionary algorithms can quantify and deliver actual milk
yield increases by leveraging cow-to-cow variability, with little research validating whether automated
systems can reproduce the gains documented through manual individualised feeding. Common
challenges pervading all domains include data scarcity, inappropriate validation methodologies
producing optimistic performance estimates that fail to generalise (Meyer et al., 2018; Roberts et al.,
2017), integration complexity across heterogeneous data streams, and economic barriers particularly
affecting smaller operations. Advancing from isolated technological demonstrations toward unified
platforms requires sustained research investment addressing fundamental methodological limitations
whilst developing practical implementation frameworks that translate algorithmic capability into

demonstrable value for commercial dairy operations.
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CONCLUSION

This review demonstrates that machine learning applications across pasture biomass estimation, grazing
management, and precision feeding have shown substantial promise under research conditions, yet
demonstrated algorithmic capability remains largely disconnected from validated operational value.
This gap between research performance and farm-level benefit represents the defining challenge
constraining progress toward integrated precision management in pasture-based dairy systems. Three
unresolved limitations collectively prevent progress toward integrated precision management. Spectral
saturation and cloud-induced temporal gaps constrain satellite biomass monitoring precisely where
tactical decisions are most urgent. Insufficient satellite temporal resolution prevents reliable grazing
event detection, severing the link between biomass availability and utilisation efficiency. No published
study has validated whether automated feeding systems could deliver quantifiable milk yield gains by
exploiting individual cow variability under commercial conditions. Until these limitations are resolved,
integration across the three domains remains aspirational rather than operational. Future research should
prioritise controlled field validation of automated feeding systems, cost-effective approaches to grazing
event detection, and multi-sensor fusion strategies that can address satellite data gaps. If these priorities
are pursued systematically, integrated precision management platforms could potentially deliver
measurable improvements in feed efficiency, pasture utilisation, and milk production for pasture-based

dairy operations globally.

This chapter has been accepted for publication in Computer and Electronics in Agriculture, with the
title ‘Al in Pasture-Based Dairy Systems: Advances in Precision Feeding, Remote Sensing, and
Grazing Management’ (Manuscript ID: COMPAG-D-25-09096).
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CHAPTER 3

A data-driven approach for optimising supplement
allocation to individual lactating dairy cows in

pasture-based systems

Every year, most dairy farmers pour their largest expense, feed costs, into systems treating every cow
the same. This chapter confronts this head on. Conventional flat rate feeding ignores the fundamental
reality that cows respond differently to the same ration. Recognising that traditional models cannot
capture cow specific responses, we introduce a data driven framework using nonlinear machine
learning and optimisation models to individualise concentrate allocation from existing feeding
records. This reveals a quantifiable theoretical potential of an 8 % increase in total milk yield while
maintaining the original feed budget, transforming flat rate feeding into precision allocation and
enhancing profitability. The complete model comparison analysis and optimisation implementation
are available in the repository. The model comparison notebook (modelling.ipynb) evaluates Random
Forest, Neural Networks, LSTM, and Gaussian Process models. The optimisation script
(scipy_optimisation.py) implements Scipy differential evolution algorithm for day-by-day concentrate

allocation over 91 days. Key code excerpts are presented in Appendix A.
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With feed costs accounting for about 40-60 % of milk production expenses in Australia, efficient supplementary
concentrate allocation is crucial for profitability. Despite an increase in concentrate use per cow over the past
decade, the average milk yield response remains about 1 L per kg of dry matter concentrate. While machine
learning and data-driven optimisation are widely utilised in sectors such as engineering, healthcare, and finance,
their application in feed optimisation within dairy farming has not been extensively researched. This study aims
to develop a machine learning-based method to optimise individual cow supplement allocation, using similar
total daily concentrate with a tolerance range allowing for a 2-10 % decrease, to maximise milk yield. Data from
a controlled field study involving 130 lactating Holstein-Friesians (32,504 records) were analysed.

Sixteen machine learning algorithms were evaluated to predict milk yield based on concentrate allocation and
available cattle data (days in milk, daily milk yield and liveweight, and parity number). The Random Forest (RF)
model was the best performer, achieving an R? of 0.60 and RMSE of 4.20 L/cow/day. Then 7371 records from 81
cows over 91 days were employed to run the concentrate levels optimisation using the Dirichlet-Rescale (DRS)
algorithm and Monte Carlo simulation. The RF model and SciPy optimisation determined optimal individual cow
allocations (5-9 kg/cow.day™). Implementing this resulted in a herd-level 8 % increase in daily milk yield. This
study highlights the potential benefits of adopting data-driven algorithms for individualised dairy feed optimi-
sation based on observed correlations within existing management practices. While results suggest improvement
over conventional flat-rate methods, the study is limited by the nature of the dataset, and findings reflect as-
sociations under standard practice rather than experimental manipulation of concentrate levels, requiring
validation through controlled field trials to confirm practical efficacy and economic impact in actual dairy
farming contexts.

1. Introduction

Pasture-based dairy farms are the predominant dairy production
systems in Australia. In these systems, the cost of milk production is
inversely related to profitability [1]. Feed accounts for about 40-60 % of
the cost of producing milk and grain-based concentrates are typically 3
to 5 times more expensive per kg DM than pasture in Australia [2,3].
Cow nutrition is affected by seasonal variations in both pasture quality
and quantity, weather-related fluctuations. To counter this, supple-
mentary feed, including fodder and concentrates are used by dairy
farmers to uphold cow health and production during periods of low
pasture availability. Over the last 10-15 years, there has been a notable
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E-mail address: blessing.azubuike@sydney.edu.au (B.N. Azubuike).
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increase in the allocation of supplementary grain-based concentrates
(including grain/s, mixes of grains, commercial pellets) per cow [4-6].
Despite the potential for higher milk production (1 kg DM of concentrate
contains 11-13 MJ of Metabolisable Energy (ME), which is equivalent to
the ME required for 2 to 2.2 litres of milk), the average response of in-
dividual cows remains at approximately ~1 L of milk per kg DM of
concentrate [7].

There are two major concentrate feeding strategies adopted by dairy
farmers. The ‘flat rate’ feeding strategy, where every cow in the herd is
allocated the same average amount of supplement whilst being milked,
is used by about 78 % of dairy farms in Australia and New Zealand [8].
The alternative strategy is the individualised feeding system, where each
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cow is fed differently and tailored to the nutritional requirements of
individual cows. Only a few farms have adopted this strategy, despite
previous research by Garcia et al [9] reporting that adopting an indi-
vidual cow feeding strategy (‘feed to yield’) increased milk production
by up to 10 % under restricted forage conditions. This was achieved with
the same amount of total concentrate used per day. However, this
advantage was observed in the context of restricted forage intake, which
differs from most dairy farmer who aim to feed forage ad libitum,
explaining why many prefer flat-rate feeding strategies.

Individual supplementary feeding strategies may enable farmers to
maximise milk productivity by tailoring supplementation to the specific
nutritional requirements and responses of each cow, which vary both
within and between cows [7,10,11]. Additionally, individualised
feeding improves feed efficiency by allowing farmers to allocate more
concentrate to high-yielding cows without overfeeding lower-producing
ones, thereby optimising resource use. However, this approach must
carefully manage the risk of negative cycles, where low-producing cows
receive less concentrate and consequently yield even less. Even with the
potential benefits and advancements in modern precision feeding tech-
nologies and automatic milking systems within pasture-based dairy
operations (including computerised bail feeding systems and milk me-
ters), farmers still lean towards the flat rate feeding strategy due to
various challenges, as highlighted by Dela Rue and Eastwood [8].
Farmers find individualised feeding strategies complex,
time-consuming, and capital-intensive, requiring automated feeders and
silos [12]. While modern precision feeding technologies, including ro-
botic milking systems, offer technical capabilities for automated
yield-based allocation, implementation challenges related to manage-
ment complexity, monitoring requirements, and economic consider-
ations continue to influence farmer adoption decisions. In contrast,
flat-rate feeding systems are easy to implement, save time, and pro-
vide equal supplement distribution, but they lack effective monitoring of
individual cows feeding pattern, risking overfeeding or underfeeding
and impacting pasture utilisation [11].

Retrospective analyses by André et al [13] have demonstrated eco-
nomic potential for optimising concentrate feed based on individual cow
variations in milk yield response, with benefits ranging from AU$0.33 to
3.34 per cow per day. However, the specific supplement rates and types
responsible for these economic gains were not detailed in their study. A
key limitation in much previous research [10,12-16] on feeding stra-
tegies has been the reliance on energy-requirement models, such as basic
linear or logit models may be attributed to energy-requirement models.
These models, while potentially accurate for average cow groups, often
struggle to predict individual cow responses effectively, as they do not
adequately capture the complex, non-linear relationships and increased
variability among individual cows hence the need for approaches
capable of more precisely modelling individual responses.

Data-driven approaches like machine learning (ML) can potentially
overcome some of the above-mentioned limiting factors of the tradi-
tional ‘biological-driven’ approaches. Chauhan [17]; Liebe and White
[15] emphasised that advanced non-parametric and non-linear models
are likely to provide more accurate explanations for the variance in
individual cow milk response [18-22]. These algorithms can integrate
data from various sources at the individual cow level, revealing
nonlinear patterns in cow behaviour within a herd. While machine
learning models offer significant predictive benefits, optimisation chal-
lenges may require alternative approaches like mathematical program-
ming or prescriptive analysis. Data-driven optimisation methods, proven
effective in various domains like engineering, medicine, and finance,
have the potential to enhance profitability and revenue by optimising
resource allocation. However, their application in agriculture, particu-
larly in dairy farming, remains relatively unexplored [23].

Mathematical optimisation, unlike traditional linear programming,
could be a promising alternative as it uses advanced techniques for
dynamic, precise supplement allocation, making it ideal for optimising
concentrate feeding in pasture-based dairy systems [24]. We
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hypothesise that such a system can effectively utilise the allocated daily
concentrate budget to predict optimal individual cow supplement allo-
cations and maximise daily milk yield profitability [25,26]. This study
addresses this gap by pioneering the integration of advanced machine
learning techniques with mathematical optimisation to facilitate a dy-
namic, data-driven approach for individualised concentrate allocation
in pasture-based dairy systems. Our approach uniquely leverages a
highly performant non-linear model as a surrogate for milk yield pre-
diction, for its ability to capture complex, non-linear relationships and
inherent individual cow variability. This model is then embedded within
a robust Differential Evolution optimisation framework, allowing for
greater precision and computational efficiency compared to conven-
tional methods.

Our study offers several unique insights and contributions. Firstly,
we aim to investigate the quantifiable theoretical potential of this in-
tegrated approach to substantially increase herd-level milk yield
without increasing the total concentrate budget, thereby enhancing
profitability compared to conventional flat-rate methods. This directly
addresses a key challenge in pasture-based systems where feed costs
account for a significant portion (40-60 %) of milk production expenses.
Secondly, our approach seeks to achieve significant enhancement in
predictive accuracy by integrating both concentrate levels and individ-
ual cow physiological characteristics (days in milk, liveweight, and
parity number). This capability is vital, as it allows the model to move
beyond group-level analyses and capture the non-linear responses of
individual cows, recognising that the relationship between concentrate
and milk yield exhibits diminishing returns as concentrate levels in-
crease. Finally, this research strives to provide a foundational frame-
work for tactical decision support systems in modern dairy farming,
offering a scalable and less time-consuming alternative to manual or
traditional rule-based feeding strategies. It highlights how automated
feeding systems can benefit from real-time data-driven adjustments to
optimise feed utilisation and promote animal welfare.

2. Materials and methods

The main objective of this study is to maximise herd-level daily milk
yield by optimising the daily allocation of concentrate feed among a
fixed set of cows, while maintaining approximately the same total daily
feed quantity. To achieve this, a two-step methodology was proposed.
The first step involved development a machine learning model that uses
cow characteristics such as days in milk (DIM), liveweight (LW), number
of lactations (NOL) and concentrate consumption or concentrate level
(CONQ) to predict individual milk yield (MY). The second step involved
optimising the randomly simulated initial concentrate levels using the
developed predictive milk yield model.

2.1. Data

Data were collected from a controlled field study conducted with 130
lactating Holstein-Friesian primiparous and multiparous cows at the
Corstorphine Dairy Farm Camden campus, University of Sydney,
Australia between October 2010, and January 2012. The cows were
enrolled as they calved with 42 cows enrolled during spring 2010, 15
cows during summer 2010, 17 cows during winter 2010, 14 cows during
autumn 2011, and 42 cows during summer 2011. All the cows were
managed as a herd and were milked twice daily in a 20-aside herring-
bone dairy. At every milking, the cows were fed commercial pellets of
cereal-based concentrate formulated to 18 % CP containing 600 g/tonne
available zinc (60 ppm in feed + 170 ppm endogenous in the premix =
230 ppm), 200 g/tonne Biotin 2 % (4 ppm in feed) and 420 g/tonne
Rumensin 100 (42 ppm monensin in feed). The concentrate had a
metabolisable energy content of 13.1 MJ/kg DM, with 16.8 % neutral
detergent fiber (NDF), 8.1 % acid detergent fiber (ADF), 10.1 % Ash, 3.7
% N and 5.3 % water-soluble carbohydrates. The concentrate levels
allocated to the individual cows ranged between 8 and 10 kg/cow/day
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which was based on individual cow milk production level (<30 L/d: 8
kg; 30 to 35 L/d: 9 kg; >35L/d: 10 kg). This allocation method reflected
management decisions linked to existing production levels rather than
an experimental manipulation of concentrate allowance and thus
describe correlations under standard practice rather than direct cause
and effect responses to varied concentrate levels. Individual animal milk
yields and liveweight were automatically recorded at each milking using
milk meters and automatic scales respectively, both tested for accuracy
and calibrated weekly.

The raw data collected for each of the 130 cows were organised into
separate .csv files provided by the Delpro software (DeLaval, Sweden),
with each file corresponding to daily records of individual milk yield,
reproduction, and feeding. After merging these files, a data cleaning
process was applied, which included the removal of outliers, records
with missing data, imbalances, and instances with zero milk yield en-
tries. This filtering resulted in a refined dataset consisting of 32,504
observations, systematically recorded over a continuous period of 492
days, from September 3, 2010, to January 22, 2012. To facilitate a
comprehensive examination of the distribution and enrolment of cows
throughout the trial, timestamps indicating sampling dates and the "days
in milk" values were discretised and categorised into distinct seasons of
the year. The stages of lactation were defined as early (1 to 100 days in
milk), mid (101 to 199 days in milk), and late lactation (200 or more
days in milk). From the curated dataset DIM, stage of lactations (SOL),
NOL, LW, CONC, MY and Cow Identification Number (Cow ID) were
selected for the study.

All data pre-processing and analyses were conducted using the open-
source statistical software package R, version 4.3.1.

2.2. Data analysis

A correlation analysis was performed to explore relationships be-
tween the variables. Spearman’s method, priced for its non-parametric
approach and focus on monotonic relationships rather than linear
ones, was employed for this purpose. The Shapiro-Wilk test was utilised
to assess the normality of the distribution of the variables in the dataset
and to evaluate the non-linear connections between the variables. This
preliminary analysis provided essential insights into the distribution of
each variable and their interrelationships, informing the subsequent
comprehensive modelling approach.

In the preprocessing phase, the dataset was divided into numerical /
continuous (DIM, LW, CONC) and non-numerical / categorical (NOL,
SOL and Cow ID) features. The categorical variable "NOL" underwent
One Hot Encoding, transforming it into an integer format suitable for
diverse modelling algorithms. For the numerical features, to address
issues related to feature scale and distribution, standardisation was used
to centre the features on a mean of 0 with a standard deviation of 1,
balancing their impact, improving training efficiency, and preventing
scale-related bias during the learning process.

2.3. Step 1: Predictive model for milk yield

The development, evaluation and optimisation of the predictive milk
yield model were facilitated by using the Python (v3.11.4) programming
language and its versatile libraries. The predictive model developed in
this study included MY as the target variable for prediction and DIM,
LW, NOL and CONC as predictor variables. To ensure robust validation,
the dataset was randomly split into training and test subsets at the in-
dividual cow level, with 80 % of records for each cow used for training
and 20 % for testing. To account for randomness in the splitting process,
multiple random iterations of the train-test split were performed using a
fixed random state of 42 to ensure reproducibility. The split was
balanced across key variables including days in milk (DIM), parity, and
milk production to ensure both training and test sets reflected the di-
versity of the dataset. Additionally, since cows were enrolled at different
time points, the split maintained temporal representativeness by
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preserving the chronological structure of records within each cow. This
resulted in 26,003 observations used for training and 6501 observations
used for testing. The training set was utilised to fit the model and
determine optimal weights and coefficients, while the test set was kept
for an unbiased evaluation of model performance.

To evaluate and underscore the importance of individual cow char-
acteristics and feed in refining the precision and accuracy of MY pre-
dictions, three distinct modelling procedures were implemented. In the
first procedure the predictive factor solely relied on CONC. The second
procedure excluded CONC and focused solely on individual cow char-
acteristics. Subsequently, the third procedure integrated both individual
cow characteristics and CONC to estimate daily individual cow MY
comprehensively.

2.3.1. Model selection

To determine the most effective machine learning algorithm for
predicting MY, the performance of sixteen ML techniques comprising of
seven linear and nine non-linear algorithms (Table 1) was compared.
The evaluation metrics for assessing model accuracy included Mean
Absolute Error (MAE), Mean Squared Error (MSE) or Root Mean Square
Error (RMSE), R Squared (Rz) and Mean Absolute Percentage Error
(MAPE). Random Forest (RF), the algorithm demonstrating the highest
R? value and the lowest RMSE, MSE and MAE, was selected as the best
model for MY prediction. The R? value indicates the proportion of var-
iances explained by the model, thereby reflecting its accuracy and the
relevance of cattle characteristics in MY modelling.

2.3.1.1. Random forest algorithm. Random Forest is an ensemble
machine-learning algorithm that employs decision trees for both
regression and classification tasks. It combines the predictions of mul-
tiple micro-scale decision trees, also known as estimators, using bagging
or bootstrap aggregation [47-49]. The RF model was selected for com-
parison due to its ability to mitigate overfitting and enhance the
generalisation of predictions.

To systematically explore the parameter space for the optimal RF
model configuration, a grid search approach combined with a k-fold
cross-validation technique (with k set to 5) was implemented. This
comprehensive search evaluated nine different numbers of estimators,
ranging from 100 to 500 with increments of 50. The Negative Mean
Squared Error (NMSE) served as the evaluation metric during the grid
search process to gauge predictive performance and facilitate model
selection.

Following the grid search, the RF model was fitted using the number
of estimators associated with the highest NMSE value. This optimised
model was then applied to the test dataset for performance evaluation.
Furthermore, to discern the variables exerting the most significant in-
fluence on MY predictions, feature importance analysis was conducted.
This technique provided a quantitative measure of the contribution of
each feature to the predictive power of the model, thereby enabling a
deeper understanding of the factors driving the output of the model.
Through this analysis, insight was gained into the relative importance of
each variable within the RF model framework.

2.4. Step 2: optimisation of individual concentrate levels

To optimise individual concentrate levels, a Monte Carlo simulation
was integrated with the Dirichlet-Rescale (DRS) algorithm and milk
yield predictions to establish initial values for daily individual feed al-
locations while respecting all set constraints. Monte Carlo simulation
generated a wide range of possible scenarios for feed allocation,
enabling exploration of various ways to distribute the feed among the
cows. The Random Forest-based milk yield model, used as a surrogate
model, estimated milk yield for the feed allocations generated by the
Monte Carlo simulation. The DRS algorithm adjusted those allocations,
ensuring that the total daily feed quantity remained the same and that
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Table 1
Summary of all the machine learning models assessed in the study.

Categories Group Type Model Used for ~ Optimisers Literature

the Study Used

Linear Multiple [27-30]
Algorithms Linear

(Parametric Regression

models) (LR)

Least Absolute [31]
Shrinkage and

Selection

Operator

(LASSO)

Ridge [32]
Regression

(RR)

Elastic net [33]
Regression
Polynomial
Regression
Partial Least
Squares
Regression
(PLS)
Support Vector
Machine
(SVM)
Gradient
Boosting
Machines
(GBM)

[34,35]

[36,37]

[38,39]

Non-linear Gradient
Algorithms Boosting
(non- Algorithms
parametric
models)

[40,41]

eXtreme [42]
Gradient

Boosting

algorithm

(XGBoost)

Light Gradient [43]
Boosting

Machine

(LightGBM)

Categorical [44]
Boosting

(CatBoost)

algorithm

Decision Tree
ensembles

Tree-based
machine
learning
algorithms

[45,46]

Random Forest
(RF) ensembles

[47-49]

K-Nearest
Neighbours
algorithm
(KNN)
Gaussian
Process (GP)

Other non-
parametric
models

[50,51]

Adaptive
Moment
Estimation
(Adam)
Root Mean [57]
Squared
Propagation
(RMSProp)
Stochastic
Gradient
Descent (SGD)
Adaptive [60]
Moment

Estimation

(Adam)

[52-56]

Recurrent Artificial
Neural Neural
Network Networks
(RNN) (ANN)

[58,59]

each cow received an appropriate amount of feed based on their char-
acteristics. Subsequently, these selected initial values were leveraged
alongside the SciPy open-source Python library to compute the optimal
individual daily feed allocations. An illustrative representation of this
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feed optimisation process is provided in Fig. 1.

The employment of the pre-trained RF model as a surrogate (ML)
model was undertaken to reduce computational complexity, drawing on
previous research by Franzoi et al [61]; Wang et al [62]; Williams and
Cremaschi [63]. Surrogate models are often used to approximate com-
plex systems where direct simulations or computations are expensive,
and map input data to outputs via black-box modelling. This approach
allowed us to efficiently integrate cow-specific traits and optimise MY
predictions without the need for computationally intensive simulations.

The optimisation of individual concentrate levels was done on a
subset of data extracted from the pre-processed dataset, comprising
7371 records of 81 cows collected over 91 consecutive days, from April
5, 2011, to July 8, 2011. The subset included 27 first-lactation, 17 s-
lactation, 19 third-lactation, and 18 fourth-lactation cows, categorised
by NOL of the cows. Additionally, the cows were differentiated based on
their stages of lactation, with 42 cows in early lactation, 13 in mid-
lactation, and 26 in late lactation. This was done to ensure a minimum
period for which a subset of cows (and their records) would be available,
despite cows having calved at different times.

2.4.1. Monte carlo simulation for initial concentrate allocation

For each of the 81 cows, random quantities of concentrate dry matter
representing simulated daily concentrate levels, were generated through
the deployment of a Monte Carlo simulation approach. This entailed
executing 500 iterations per cow per day to ensure a comprehensive
exploration of potential feed allocation scenarios. Then, the DRS algo-
rithm was applied to ensure that the generated concentrate levels con-
formed to two critical conditions. First, the sum of the generated
concentrate levels for each iteration equalled the total actual concen-
trate allocation which was derived from the observed concentrate levels
allocated to the cows from the dataset. Second, each concentrate level
for a cow was constrained within the specified limits of the minimum
and maximum allowable concentrate levels (5 kg/cow.day™ and 9 kg/
cow.day!, respectively). Following this, a sensitivity analysis was con-
ducted to assess the impact of varying concentrate level constraints on
MY and the optimal allocation strategy.

Across the 500 iterations, predictions of MY for each cow were
computed using a pre-trained RF model, leveraging the corresponding
simulated concentrate levels generated for each scenario. For each
iteration, the total MY was ascertained by summing the individual
predictions for all 81 cows. This process was designed to evaluate the
effects of various concentrate feed allocations on the collective milk
production output, thereby enabling a nuanced understanding of how
feed adjustments could potentially optimise overall dairy yields. Ulti-
mately, the set of simulated concentrate levels that produced the highest
total MY was pinpointed and selected as the initial reference point for
the optimisation process, conducted within the confines of the pre-
defined constraints (Fig. 1).

2.4.2. Optimisation of initial concentrate for milk yield maximisation

The optimisation problem was addressed using the “minimise”
function from the SciPy library, employing the “differential evolution”
method, which handles both inequality and equality constraints. Dif-
ferential Evolution (DE), a type of evolutionary algorithm, was chosen
for its ability to avoid getting trapped in local optima through its sto-
chastic approach. Unlike conventional gradient-based techniques e.g.
linear programming, DE algorithm can efficiently explore a wide
candidate space with numerous function evaluations, making it suitable
for complex optimisation problems. An objective function was formu-
lated to maximise the sum of the predicted milk yields obtained with the
decision variables using the best-trained machine learning model. The
decision variables represented the simulated concentrate levels for each
cow and contained 81 values. The objective aimed to maximise the in-
dividual cow MY predictions simultaneously. Constraints were imposed
to ensure that the sum of the simulated concentrate levels must be at
least 2 % less than the total actual concentrate or equal to the total
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Fig. 1. Illustration of the two-step feed optimisation process: data is represented by dashed rectangles, models by solid rectangles, and outputs by dashed-

dotted rectangles.

concentrate allocation observed in the dataset for each day. Addition-
ally, constraints were applied element-wise to enforce that each indi-
vidual allocated concentrate by the model should not exceed >1 kg/
cow.day! from one day to the next day for each cow. Bounds on
concentrate allocated per cow was also reinforced. The initial guess for
the decision variables was set to the initial concentrate values selected
from the Monte-Carlo simulations. A callback function was defined to
store the predictions and concentrate levels for each iteration for eval-
uation purposes (Fig. 1).

2.4.3. Equation for the optimisation problem
Mathematically, the optimisation problem can be represented as a
maximisation of the following objective function and constrains:

n
Maximise : — E Vi
i=1

Subject to:

Total Concentrate_Allocation * 0.98 < >0 x;
Concentrate_Allocation

y; < Actual Milk Yield; x 1.1, for cow i

5 < x; <9, for each cow i

Where: n is the number of cows in the dataset. x; is the simulated
concentrate level for cow i. yj is the predicted MY for cow; obtained from
the machine learning model.

Total_Concentrate_Allocation is the total amount of concentrate
available for all cows.

Actual Milk Yield is the actual MY for cow; obtained from the dataset.

The optimisation process aimed to find the values of x; (simulated
concentrate levels) that maximise the total MY "1 ; y; while respecting
the individual maximum increment constraint and the sum constraint on
the simulated concentrate levels, as well as the bounds on the simulated
concentrate levels.

In addition to setting the total concentrate level constraint between
98 % and 100 % of the initial allocation, other constraints were also
tested, including 90 %—100 %. These variations were implemented to
assess the optimisation sensitivity of the model to different tolerance
ranges and to understand how these constraints affect computation time
and complexity. By exploring these different ranges, the goal was to
determine how the constraints influence the time required to find the
optimal solution and the overall performance of the model under
varying conditions.

< Total -

3. Results
3.1. Data analysis

3.1.1. Descriptive analysis

The dataset captured a wide range of individual cow records, varying
from 23 to 289 observations per cow, with only twelve out of the 130
cows having fewer than 200 records. While it provided extensive
coverage for DIM, LW, and MY, the allocated concentrate levels
exhibited less variability, with values ranging from 8 to 10 kg/cow.day !
and an average of 8.27+0.57 kg/cow.day'1 (Table 2). This modest
variability in the allocated concentrate levels may be considered as a
potential limitation of the dataset. Despite this, the MY per unit of
concentrate varied broadly, with a range from 0.97 to 6.93 L/kg of
concentrate/cow.day™, and an average of 3.38 =+ 0.70 L/kg of concen-
trate/cow.day !, indicating the potential for optimising concentrate use
to maximise MY. This variability in milk yield per kg of concentrate in
this dataset is primarily explained by the individual cows underlying
milk production level, influenced by factors such as genetic potential
and physiological stage, rather than directly reflecting the utilisation
efficiency of concentrate.

Examining the distribution of cows by lactation stage, approximately
27 % were in early lactation (<100 DIM), while a similar proportion
(~36 %) fell into mid and late lactation stages (>100 DIM). With respect
to the NOL, 34.9 % were in their first, 20.8 % in their second, 21.6 % in
their third, and 22.8 % in their fourth or subsequent lactation.

Notable influences of lactation stage and the NOL on milk production
were observed. Cows in early lactation had a higher average MY of 31.48
+6.79 L/cow.day, compared to 27.8145.97 L/cow.day! for mid-
lactation and 25.65+5.75 L/cow.day-1 for late lactation (Appendix

Table 2
Summary statistics of the days in milk (DIM), lightweight (LW), concentrate
consumed (CONC) and milk yield (MY).

Metrics DIM (days) LW (kg) CONC (kg/cow) MY (L/cow)
Minimum 7.00 312.00 8.00 8.00

25 % 95.00 529.00 8.00 23.58
Mean 162.55 586.73 8.27 28.03
Median 162.00 589.00 8.00 27.70

75 % 231.00 643.00 8.00 32.10
Maximum 310.00 886.00 10.00 55.40

Std Dev 80.09 75.11 0.57 6.54
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Table A 1). First and second lactation cows produced approximately 79
% and 95 %, respectively, of the MY of cows in their third and fourth
lactations (~30.6 L/cow.day-1).

3.1.2. Correlation and distribution assessment

Correlation analysis revealed that among the predictor variables for
MY, the concentrate level and the NOL showed the strongest positive
correlation (0.44) with MY (Fig. 2). Conversely, and as anticipated, DIM
was inversely (—0.37) related to MY. Notably, LW also showed a positive
correlation (0.31) with MY, albeit to a lesser extent than concentrate
levels and lactation history.

Furthermore, the Shapiro-Wilk test revealed that the input variables
(NOL, DIM, LW, CONC) deviate significantly from a normal distribution
(p-values substantially below 0.05), confirming their non-Gaussian
distribution patterns. Notably, LW exhibited a pronounced deviation
from a normal distribution.

3.2. Predictive model for milk yield

3.2.1. Performance of machine learning algorithms

Among the sixteen machine learning algorithms (Table 1) evaluated
for predicting MY based on NOL, DIM, LW, and CONC, the RF model
demonstrated superior performance yielding an R? of 0.6 and RMSE of
4.2 L/cow.day (Table 3). Conversely, the Robust Regression algorithm
exhibited the lowest predictive accuracy, attaining an R? of 0.30 and
RMSE of 5.60 L/cow.day'l. Generalised Linear Models (GLMs) such as
linear regression, ridge regression, lasso regression, elastic net regres-
sion, and robust regression exhibited relatively lower predictive accu-
racy when compared to non-linear models such as Gradient Boosting
Machines (GBMs), Gaussian Process Models, RF ensemble methods, and
neural networks which demonstrated superior performance (Table 3).
These results highlight the benefits of using non-linear models like RF to
identify these patterns over traditional GLMs, enabling more precise
modelling procedures and decision-making in dairy production.

3.2.2. Hyperparameter optimisation
A thorough grid search assessment and hyperparameter optimisation
were conducted to select the most suitable predictive model. The

Number of Lactation - 1

Days in Milk

Liveweight -

Concentrate level

Milk Yield

|

Number of Lactation Days in Milk

Liveweight
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Table 3
Performance comparison: machine learning models used for milk yield
prediction.

Machine Learning R? MSE RMSE MAE RMSLE
Algorithms (L/cow.
day™)
Linear Regression 0.450 24.345 4.934 3.803 0.189
Ridge Regression 0.450  24.347 4.934 3.803 0.189
Lasso Regression 0.370  27.904 5.282 4.088  0.201
Elastic Net Regression 0.447  24.507 4.951 3.826  0.190
LightGBM 0.502  22.038  4.695 3.623  0.181
PLS Regression 0.450 24.345 4.934 3.803 0.189
Robust Regression 0.301 30.945  5.563 4325  0.202
Polynomial Regression 0.499 22191 4711 3.630 0.182
Gradient Boosting 0.584 18.440 4.294 3.241  0.167
Regression
XGBoost 0.504 21.990 4.689 3.626  0.181
Decision Tree 0.371  27.877  5.280 3.714  0.207
KNN Regression 0.433  25.117 5.012 3.886 0.187
Support Vector Machines 0.539 20.407 4.517 3.411 0.175
(SVM)
Random Forest Regressor 0.602  17.625  4.198 3.061 0.164
(RF)
Neural Network (Adam) 0.583  18.494  4.300 3.312  0.164
Neural Network (SGD) 0.537 20.502 4.528 3.488 0.174
Gaussian Process (SVGP) 0.597 17.862  4.226 3.216  0.164
Gaussian Process (Exact 0.548  20.032  4.476 3.441 0.173
GPs)

Notes: R? = R-squared, MSE = Mean Squared Error, RMSE = Root Mean Squared
Error, MAE = Mean Absolute Error, RMSLE = Root Mean Squared Log Error.

optimal hyperparameters for training the final RF Regressor model on
the designated training datasets were determined to be 350 n-estimators
[64]. These parameters were chosen based on their ability to provide the
best balance between accuracy and computational efficiency, resulting
in an average minimum MSE of 17.68, alongside an RMSE of 4.204 as
illustrated in Fig. 3(a, b). The training dataset was then utilised to fit the
RF model with the optimised parameters, serving as the foundation for
evaluation and further analysis
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Fig. 2. A correlation heatmap illustrating the relationships between the variables in the dataset.
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Fig. 3. Impact of the number of estimators on the performance of the RF model’: R-squared (a), Mean Squared Error (b) and Root Mean Squared Error (c) Orange
shaded markers highlight the optimal number of estimators (n_estimators = 350) used for fitting the training dataset during milk yield prediction.

3.2.3. Predictive model efficacy

Fig. 4 presents the critical role of intrinsic cow characteristics
alongside feed data in the prediction of individual cow milk yields.
When considering only the grain-based concentrate (Fig. 4a), the pre-
dictive power of the model was very low, as indicated by an R? value of
0.29. Focusing solely on the characteristics of the cows (Fig. 4b) pro-
vided a marginally improved fit, with an R? value of 0.31. However,
integrating both the concentrate levels and the individual cow charac-
teristics into a composite predictive model (Fig. 4c) significantly
enhanced the explanatory power of the model, achieving an R? value of
0.60. This notable improvement in predictive accuracy highlights the
complex relationship between the distinct attributes of individual cows
and their dietary intake, which collectively shape the daily MY outputs.

The results also show the substantial impact of constructing indi-
vidualised predictive models for MY at the cow level. Notably, the RF
predictive efficacy of the model varied significantly based on the parity
of the cows. Primiparous cows (NOL = 1) demonstrated the lowest
predictive accuracy, with approximately 26 % exhibiting R? values
ranging from O to 0.25 while predictive accuracy increased substantially
for multiparous cows.

3.3. Grain-based feed optimisation

In the dataset extracted for feed optimisation purpose, a total daily
concentrate consumption for 81 cows ranged from 651 to 732 kg.day!,

and total daily milk production ranged from 1881 to 2483.6 L.day .. For
the entire period of 91 days, 60,625 kg of concentrate was used,
resulting in 199,488.20 L of milk and the efficiency of milk production
varied from 1.15 to 5.31 L/kg of concentrate/cow.day’, with an average
of 3.29 L/kg of concentrate/cow.day™ (Fig. 5, green line). The optimi-
sation process resulted in an average improvement of 8.11 % in total
daily MY, with daily increments ranging from 2 % to 23.4 % when the
constraints for total optimised concentrate was set to be between 98 %
and 100 % of the total actual concentrate daily (Fig. 5, orange line). The
results indicate that periods of substantial declines in actual MY corre-
sponded to proportionately larger percentage increases in MY during
subsequent optimisations.

A detailed analysis of milk production trends (Fig. 5) shows distinct
patterns in herd MY corresponding to changes in concentrate allocation.
Notably, the lowest herd milk production levels were observed around
mid-May 2011, followed by a marked increase when the total daily
concentrate was raised by approximately 80 kg, reaching 732 kg. This
increase, which adjusted individual cow allocations from 8 kg/day to 9
kg/day, resulted in a significant rise in the predicted total MY, peaking
at 2528.5 kg/day (Fig. 5). On average, the model predicted a total MY of
2367.03 + 84.48 kg/day, which is higher than the actual recorded
average of 2192.18 + 115.17 kg/day over the 91-day period.

Fig. 6 illustrates the optimisation effects when the constraint on the
total optimised concentrate was set to remain between 90 % and 100 %
of the initial allocation. This constraint ensured a steady flow in the
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Fig. 4. The importance of feature variables for individual milk yield modelling: association between predicted and actual milk yield when input to model is a) only
concentrate; b) only cow characteristics; and c) all predictors: cow characteristics and concentrate. Here, MSE = Mean Squared Error and RMSE = Root Mean

Squared Error.

optimisation process, maintaining consistency across the sampling
period. The analysis revealed that the percentage increase in MY ranged
from 0.2 % to 15.5 % per day over the 91-day period. Notably, there was
no significant spike in the total maximised MY on any particular day,
including mid-May 2011. The average percentage increase in MY was
6.34 % across the 91 days, demonstrating the effectiveness of the model
in enhancing milk production within the specified constraints. These
results show the importance of maintaining a controlled range for
concentrate allocation, as it leads to more predictable and stable im-
provements in MY. The consistent flow observed in the optimisation
process further highlights the reliability of the model. Overall, the re-
sults from Fig. 6 confirm that setting appropriate constraints on
concentrate levels can optimise milk production without causing abrupt
fluctuations. This approach ensures a sustainable increase in MY,
benefiting both the health and overall dairy production efficiency of the
herd.

When compared to Fig. 5 which depicts the optimisation results

without specific constraints on concentrate levels, it is evident that
constraining the concentrate allocation (as shown in Fig. 6) led to a more
consistent and predictable optimisation process. While Fig. 5 showed
average improvements of 8.11 % with daily increments ranging from 2
% to 23.4 %, Fig. 6 indicated a slightly lower but more stable average
increase of 6.34 %. Overall, the comparison between Fig. 5 and Fig. 6
confirms that while more relaxed constraints can lead to higher
maximum increases, maintaining tighter constraints provides more
predictable and steady improvements in MY.

From our model, it was observed that this approach suggests sub-
stantial increases in daily MY when cows are fed individually, compared
to those under static flat rate allocations indicates the potential of
optimising milk production by adjusting feed concentrations to align
precisely with the unique nutritional needs and responses of each cow.

To provide a more granular understanding of the optimisation pro-
cess, Fig. 7 presents a breakdown of the daily sample results, detailing
the day-to-day adjustments for each cow. This breakdown illustrates
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Fig. 5. Total daily milk yield of 81 cows before (green line) and after (orange line) optimisation across 91 days. All constraints applied at 98-100 % range for total
actual concentrate consumed. The annotation on the orange line shows the daily achieved milk yield increase by the optimisation model.
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Fig. 6. Total daily milk yield of 81 cows before (green line) and after (orange line) optimisation across 91 days. All constraints applied at 90-100 % range for total
actual concentrate consumed. The annotation on the orange line shows the daily achieved milk yield increase by the optimisation model.

how the model dynamically responds daily to varying conditions, opti-
mising concentrate allocation and MY predictions. It highlights the
adaptability and precision of the model in achieving optimal outcomes
for each individual cow, providing a closer examination of its effec-
tiveness in practical, cow-level scenarios.

3.4. Correlation analysis of concentrate allocation adjustments

To understand how the optimisation algorithm redistributed
concentrate among cows with different characteristics, a correlation
analysis was conducted between the change in concentrate allocation
(Delta_Concentrate = Optimal - Actual) and individual cow traits. The
analysis revealed that concentrate allocation adjustments were not

strongly associated with individual cow characteristics. DIM

demonstrated a weak but statistically significant negative correlation (r
= —0.036, p = 0.002), whilst LW (r = 0.009, p = 0.431) and NOL (r =
0.001, p = 0.923) showed no significant correlations with allocation
changes. The Delta concentrate values averaged —0.290 + 0.967 kg/
cow/day, indicating that the optimisation algorithm typically reduced
individual cow allocations whilst redistributing concentrate more effi-
ciently across the herd, with changes ranging from —4.618 to +1.000
kg/cow/day. Significant group differences were observed across SOL (F
= 10.367, p < 0.001) and parity (F = 4.393, p = 0.004). Cows in mid-
lactation experienced the smallest average reduction (—0.237 kg/cow/
day) compared to early lactation (—0.354 kg/cow/day) and late lacta-
tion (—0.317 kg/cow/day). Analysis by parity revealed that second
lactation cows had the smallest reduction (—0.227 kg/cow/day), whilst
third lactation cows experienced the greatest average reduction (—0.344
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Fig. 7. Optimisation results for one of the sample dates (2011-05-30) used in the study. All constraints applied at 98-100 % range for total actual concentrate
consumed. The orange line shows the actual concentrate level for each cow for the day, the green line shows the optimised concentrate for each cow for the day. The
gray line shows the actual milk yield for each cow for the day and the red line shows the achieved milk yield for each cow per day by the optimisation model.

kg/cow/day).
4. Discussion

The aim of our study was to develop an optimisation model capable
of individually distributing grain-based concentrate to cows to optimise
milk production without increasing total concentrate used per day. To
improve our model development and reduce the computational time
associated with conventional optimisation models, we integrated a non-
linear ML model into the optimisation process. This approach allowed
for more accurate predictions of MY on a cow-by-cow basis, leveraging
data-driven insights to fine-tune concentrate allocations. Our results
indicate that this integration led to an approximate 6 to 8 % increase in
total MY at the herd level.

4.1. Milk yield predictive modelling

A comparative analysis of diverse machine learning modelling
techniques, as examined in prior research [65-67], reveals that
non-linear models exhibit superior performance over regularised linear
models when it comes to explaining the variance in MY for individual
cows. The performance evaluation of ML algorithms for MY prediction
in this study showed similar findings. Particularly, all the GLMs
exhibited relatively lower predictive accuracy when compared to
non-linear models such as the selected RF model.

These results affirm the limitations reported by Liebe and White [15]
regarding the challenges linear models face in managing complex,
non-linear relationships within data. A strictly linear relationship be-
tween MY and concentrate allocation would suggest that more
concentrate always increases milk production, but in reality, this rela-
tionship is non-linear. As concentrate levels rise, diminishing returns
occur, where increases in concentrate do not yield proportional gains in
milk production. However, non-linear machine learning models like RF
offer greater flexibility and robustness in inherently capturing these
complex patterns.

Our study highlights the importance of individual cow characteris-
tics and feeding data in predicting MY, corroborating previous research
that also affirms the potential to explore non-linear relationships within
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and between cow variations [22,68]. There were also insights on the
benefits of exploring the impact of individual cow-level variability in MY
prediction. The analysis showed constructing individualised predictive
models for MY at the cow level and emphasises the sensitivity of the
predictive model to individual cow characteristics, implying that the
model adjusts its predictions based on the distinct variability observed
within and between cows.

While earlier studies [22,69] have incorporated variables such as
starch content, crude fibre, PDIE, parity, and the number of milkings per
day for MY prediction using machine learning algorithms like SVM, RF,
GBM and ANN, however, our investigation specifically focused on four
predictor variables: DIM, LW, NOL and concentrate level. Our results
show the importance of integrating cow-specific traits to enhance pre-
dictive accuracy of the model. The integration of physiological traits into
the MY prediction model resulted in a reduction of RMSE from 6L/cow.
day! to 4L/cow.day™ (Fig. 4 and 4b).

This reduction in error aligns with Salamone et al [70], who also
demonstrated improved accuracy when incorporating cow-specific fac-
tors resulted in a better model prediction performance with RMSE
approximately equal to 5.8 L. The difference in RMSE reductions may be
attributed to variations in model design or dataset characteristics.
Future research should enhance the predictive capabilities of these
models by incorporating additional cow characteristics, such as repro-
ductive data and pasture allocation information [71]. Expanding the
dataset to include these variables will provide a more comprehensive
understanding of the factors influencing MY, thereby enhancing the
precision of individual cow MY predictions. This advancement is crucial
for optimising dairy management practices and maximising overall herd
productivity.

4.2. Feed optimisation

Previous research has affirmed that the use of the embedded machine
learning model significantly reduces prediction uncertainty compared to
traditional methods [72,73]. Without these embedded trained machine
learning prediction models, predictions are likely to suffer from a high
level of uncertainty, potentially leading to suboptimal feeding strategies.
Additionally, we found that using the Scipy library for optimisation are
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more efficient and accurate for this type of optimisation problem, as they
can handle complex, non-linear relationships inherent in the data and
are time efficient as affirmed by [74] compared to linear optimisation
approaches.

The substantial increase in total daily concentrate, which rose by
approximately 80 kg, leading to a significant rise in the predicted total
MY, peaking at 2528.5 kg/day around mid-end of May as opposed to the
average predicted a total MY of 2367.03 + 84.48 kg/day over the 91-
day period as observed in Fig. 5 highlight the sensitivity of the model
to variations in concentrate levels and its capability to adjust to different
feeding scenarios, reinforcing the critical role of concentrate allocation
in maximising MY. For instance, during periods of higher concentrate
allocations, such as between mid-end of May, the model demonstrated a
higher prediction accuracy, improving by up to ~ 23 %. Conversely,
when the differential evolution optimisation encountered constraints, it
adapted by refining the most feasible solution, achieving the highest
optimised MY of 2528.5 kg.day™ within a set daily concentrate limit
(Fig. 5). These results suggest that even minor adjustments in concen-
trate levels can significantly impact milk production, particularly during
periods of low yield. The ability of the model to accurately predict these
variations shows its potential for optimising dairy production. Further
research may explore the underlying mechanisms driving these re-
sponses and the long-term sustainability of this optimisation strategy.

4.3. Individual feeding strategies: data-driven optimisation vs. flat rate
allocation

Our study examined the comparative effectiveness of data-driven
optimisation strategies for tailoring grain-based concentrate levels in
dairy cows, contrasting them with traditional flat rate allocation
methods. The findings highlight substantial potential advantages in MY
optimisation and feed efficiency when feeding strategies are tailored to
the specific characteristics and behaviour of each cow. Implementing
data-driven optimisation models that integrate machine learning tech-
niques has shown significant improvements in MY outcomes.

In contrast, conventional flat rate allocation methods, while
simplistic, disregard the individual variabilities among cows. This
oversight can result in inefficient feed utilisation, posing risks of both
overfeeding and underfeeding. Additionally, farmers often struggle to
determine optimal daily supplement allocation without manual inter-
vention. For instance, they might intuitively allocate 6-7 kg DM of
supplement to high-milk-yielding cows and cows in early lactation,
decreasing by 0.5 kg DM for every 5-litre drop in milk production. It was
reported that this decision-making rule is favoured by farmers due to its
simplicity and practicality. Over time, farmers reported no significant
economic gain or increase in MY from individual feeding strategies,
despite many using group-based feeding rather than the individual
approach studied by others [8,75,76].

Hence, this limitation emphasises the necessity to transition from
static feeding regimes in dairy farming. Our study emphasises that the 8
% theoretical potential MY improvement observed aligns favourably
with the findings reported by Garcia et al [9], whose experimental re-
sults highlighted that feeding concentrates based on individual cow re-
quirements consistently increased milk solids yield compared to
fixed-rate allocations across the herd. In their grazing experiment with
50 lactating Holstein—Friesian dairy cows, cows fed according to indi-
vidual needs reported an increase in MY and milk fat yield by 3.0 % and
11.1 %, respectively, leading to a significant 7.0 % rise in total milk
solids yield. This substantiates the importance of tailoring feed strategies
to individual cow characteristics and behaviours to optimise dairy farm
productivity effectively [77].

The absence of strong correlations between CONC allocation ad-
justments and traditional cow characteristics challenges conventional
approaches to individualised feeding. While dairy farmers typically base
feeding decisions on easily observable traits such as MY, LW, or SOL, our
findings suggest that optimal allocation patterns emerge from complex
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interactions that transcend these simple relationships. This supports ML
approaches, where algorithms can identify patterns in high-dimensional
data that are invisible to traditional statistical methods. The systematic
over-allocation identified by the optimisation process raises important
questions about current feeding practices in pasture-based systems.
Rather than simply reflecting algorithmic efficiency, these results may
indicate fundamental limitations in how CONC allocation decisions are
currently made on commercial farms. The larger reductions observed in
early and late lactation cows compared to mid-lactation animals may
reflect differences in metabolic efficiency across lactation stages, as feed
conversion efficiency has been shown to vary throughout the lactation
cycle with peak efficiency typically occurring during mid-lactation
when cows are at their highest production potential [78]. These find-
ings have broader implications for the adoption of precision feeding
technologies in the dairy industry. The weak individual-level correla-
tions, combined with significant group-level differences, suggest that
effective precision feeding systems must operate at multiple scales
simultaneously - accounting for both individual variation and broader
biological patterns. This complexity may explain why simple rule-based
feeding systems, despite their apparent logic, fail to capture the full
potential for feed efficiency improvements in commercial dairy
operations.

Another major downside of the traditional method for feed optimi-
sation is that manually adjusting daily individual cow feed is time-
consuming. For large herds on pasture-based dairy systems, this time
constraint makes it difficult for farmers to consistently follow feeding
rules [79,80]. However, with the availability of data and the imple-
mentation of optimisation algorithms, as exhibited in our study, these
processes can become significantly less time-consuming and more
feasible for farms with large herds. Nevertheless, our study encountered
several notable limitations. Firstly, the predictive accuracy of the model
was hindered by insufficient training data per cow, limiting its ability to
effectively learn from individual historical data during evaluation.
Addressing this limitation in future research would involve increasing
the volume of individual cow-level training data to enhance predictive
capabilities. Secondly, the relatively narrow and fixed concentrate al-
locations (8-10 kg/cow/day) applied during the study period signifi-
cantly limited the ability of the model to explore and learn from a
broader range of feeding strategies. This constraint reduced the diversity
of feeding scenarios available for analysis, thereby limiting the capacity
of the model to generalise and provide reliable recommendations
beyond the observed data range. These constraints occasionally strug-
gled to manage sudden spikes in total actual concentrate levels on
certain days. For instance, on days when the total amount of actual
concentrate fed to cows exceeded 732 kg, the model struggled to
converge.

Fig. 8 illustrates instances where the predictions of the model devi-
ated excessively (up to 31.3 % increase), notably when upper bounds of
9 kg/cow.day! were extended to 9.5 kg/cow.day’!, resulting in inac-
curate predictions. This constraint particularly impacted the evaluation
of sensitivity of the cow to higher concentrate levels exceeding 9 kg/
cow.day ! as opposed to the consistent flow observed in the optimisation
process in Fig. 5 when the constraint of concentrate allocations was at
the maximum value of 9kg/cow.day™”, reducing the risk of abrupt
fluctuations in MY. This suggests that maintaining a controlled range for
concentrate allocation results helps to provide more stable improve-
ments in MY predictions.

From our study, adopting data-driven optimisation models proves
potentially advantageous for modern dairy farms equipped with auto-
mated individual feeders. These systems enable real-time monitoring
and adjustment of feeding patterns based on the specific nutritional
requirements of each cow and behavioural responses. Our optimisation
model offers a proactive approach to dairy management by continuously
learning from historical feeding data, promoting efficiency, productiv-
ity, and animal welfare.

Future research should focus on expanding datasets with varied
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Fig. 8. Total daily milk yield of 81 cows before (green line) and after (orange line) optimisation for the 81 cows across 91 days. All constraints applied at 98-100 %
range for total actual concentrate consumed and concentrate levels between 5 and 9.5kg/cow/day.

concentrate amounts to enhance the capacity of the model for dynamic
predictions. While refining constraint parameters in optimisation
models is vital for minimising computational costs and improving so-
lution optimality, it is important to acknowledge that these adjustments
may not yield immediate results in all scenarios. Addressing these
challenges will significantly advance the applicability and robustness of
data-driven optimisation approaches in dairy farming. Integrating
refined optimisation strategies, such as those provided by Scipy [81],
Pyomo, Gurobi, and CPLEX, can optimise MY and improve feed effi-
ciency, but their effectiveness will depend on careful implementation
and validation within specific farming contexts. By leveraging advanced
machine learning techniques, dairy farmers can tailor feeding strategies
to individual cow characteristics, thereby maximising profitability while
promoting cattle health and welfare. This approach represents a sig-
nificant step forward in modernising dairy operations to meet industry
demands while ensuring long-term sustainability, although further
exploration is needed to fully understand the practical implications and
challenges of these technologies.

4.4. Limitations and implications for interpretation

A fundamental limitation of this study is the nature of the dataset
used for model development and optimisation. The concentrate alloca-
tion data (8-10 kg/cow/day) was not experimentally manipulated but
rather reflected management decisions based on existing milk produc-
tion levels (<30 L/d: 8 kg; 30 to 35 L/d: 9 kg; >35 L/d: 10 kg). This
approach describes correlations under standard practice rather than
direct cause-and-effect responses to varied concentrate levels. Conse-
quently, our ML models learned from associations between concentrate
allocation and milk yield within existing management frameworks,
rather than from controlled experimental data showing how individual
cows respond to changes in concentrate allowance. The optimisation
results therefore represent theoretical potential based on these observed
correlations, not validated cause-and-effect relationships. This limita-
tion is critical for interpreting our 8 % milk yield improvement, which
should be viewed as a theoretical simulation rather than a proven
response to individualised feeding strategies. Future research should
validate these findings through controlled experiments where concen-
trate levels are systematically varied for individual cows to establish
true dose-response relationships and confirm the practical efficacy of
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data-driven individualised feeding approaches.
5. Conclusions

We developed an optimisation model to tailor grain-based concen-
trate levels to individual cows using comprehensive cow-related infor-
mation. The study aimed to devise a data-driven optimisation model,
integrated with a machine learning model that learns individual cows
feeding routine and individually distributes grain-based concentrate to
individual dairy cows in a more profitable way to maximise the total
milk yield for the herd. By embedding a machine learning algorithm (the
pre-trained Random Forest model) into the optimisation process, our
method leverages the learned functions from the trained model, using
animal characteristics to accurately predict individual milk yield. This
integration helps create a connection between the intrinsic behaviour of
individual cows and their feeding patterns.

Among the sixteen evaluated models utilising a 5-fold cross-
validation technique, the Random Forest model emerged as the most
suitable predictive model for milk yield modelling in the study. Addi-
tionally, our study provided valuable insights into the importance of
individual cow variability, demonstrating that accounting for these
differences in cow-specific traits is crucial for improving milk yield
modelling and for optimisation. Linking the Random Forest predictions
at individual cow level with a non-linear optimisation method, the
Differential Evolution algorithm resulted in a theoretical mean herd
level increase in milk yield of 8.11 % over 91 days, without increasing
the total amount of concentrate ‘fed’ to the cows.

Despite these promising results, certain limitations were encoun-
tered due to constraints within the existing dataset. The dataset reflects
management decisions based on existing production levels rather than
experimental manipulation of concentrate allowance, describing corre-
lations under standard practice rather than direct cause-and-effect re-
sponses. Insufficient training data per cow limited the ability of the
model to learn effectively from individual historical data, while fixed
feeding rates restricted the exploration of diverse feeding options.
Additionally, the optimisation constraints applied to the model require
thorough evaluation to enhance computational efficiency, as they often
struggle to manage sudden spikes in total actual concentrate levels,
necessitating improved strategies to mitigate costs and operational
bottlenecks. These limitations present opportunities for refinement in
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future research endeavours.

Ultimately, data-driven approaches for individual cow feed optimi-
sation hold promise for maximising daily total milk yield while main-
taining consistent feed levels. Further validation through field trials with
systematic concentrate manipulation or actual dairy farm applications
will be crucial to confirm their effectiveness in real-world scenarios.
Such methodologies offer potential benefits for enhancing feed and
pasture management within dairy systems.
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1. Summary statistics of cows characteristics, concentrate consumed and milk yield by the number of lactations and stages of lactation.

Number of Lactations

Metrics 1 2 3 4
DIM Lw CONC MY DIM Lw CONC MY DIM Lw CONC MY DIM Lw CONC MY
(days)  (kg/ (kg/ (7 (days)  (kg/ (kg/ (% (days)  (kg/ (kg/ (% (days)  (kg/ (kg/ w
cow) cow) cow) cow) cow) cow) cow) cow) cow) cow) cow) cow)
Mean 161.90 514.70 8.09 24.11 161.70 586.05 8.30 29.13 165.31 626.49 8.36 30.61 161.72 660.18 8.42 30.60
Std 79.72 45.19 0.30 4.76 80.63 49.59 0.63 6.60 79.93 45.59 0.62 5.80 80.28 50.90 0.70 6.65
Minimum  7.00 401.00 8.00 8.00 9.00 455.00  8.00 8.00 9.00 504.00 8.00 8.80 8.00 312.00  8.00 8.10
25 % 94.00 481.00 8.00 20.90  94.00 551.00 8.00 25.20  97.00 600.50  8.00 26.80 93.25 633.00  8.00 26.30
Median 161.00 512.00 8.00 23.90 162.00 586.00 8.00 28.80 166.00 625.00 8.00 30.50 161.00 666.00 8.00 30.60
75 % 230.00 546.00  8.00 27.20  230.00 620.00 8.00 3290 234.00 657.00 9.00 34.20 230.00 691.00 9.00 34.90
Maximum  306.00  798.00 10.00 42.30 310.00 886.00  10.00 55.30 308.00 771.00  10.00 55.40 308.00 823.00 10.00 53.40
Stages of Lactation
Metrics Early Lactation Mid-Lactation Late Lactation
DIM w CONC MY DIM w CONC MY DIM Lw CONC MY
(days) (kg/cow) (kg/cow) (L/cow) (days) (kg/cow) (kg/cow) (L/cow) (days) (kg/cow) (kg/cow) (L/cow)
Mean 61.63 567.13 8.53 31.48 150.49 576.76 8.23 27.81 250.99 611.69 8.10 25.65
Std 23.96 78.45 0.75 6.79 28.78 72.19 0.52 5.97 29.47 68.41 0.34 5.75
Minimum 7.00 312.00 8.00 8.90 101.00 401.00 8.00 8.00 201.00 439.00 8.00 8.00
25 % 44.00 501.00 8.00 26.70 126.00 514.00 8.00 23.80 225.00 555.00 8.00 23.80
Median 63.00 569.50 8.00 31.20 151.00 578.00 8.00 27.70 251.00 610.00 8.00 25.60
75 % 82.00 628.00 9.00 35.90 175.00 635.00 8.00 31.70 276.00 664.75 8.00 29.40
Maximum 100.00 886.00 10.00 55.40 200.00 798.00 10.00 52.00 310.00 823.00 10.00 52.90

Notes: DIM = Days in Milk (days), LW = Liveweight (kg/cow/day), CONC = Concentrate level consumed (kg/cow/day), MY = Milk Yield (L/cow/day.

Data availability

Data will be made available on request.
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CHAPTER 4

Leveraging artificial intelligence and evolutionary
algorithms for optimising cow supplementation and

milk production

Chapter 3 demonstrated precision feeding potential using flat-rate data. This chapter advances this
with real world complexity. We leverage a massive commercial dataset comprising over 450 thousand
records that explicitly captured individual cow specific concentrate rates, revealing far greater feeding

variability than previously examined in Chapter 3. Integrating advanced artificial intelligence and

multi-objective evolutionary algorithms, we optimise concentrate allocation while incorporating
environmental variables to address the complexity and variability of large scale commercial pasture
systems. This framework achieved statistically validated increases in total milk yield ranging from

6.63% to 8.64% across ten independent algorithm runs without increasing the overall feed budget,

with NSGA-II demonstrating the highest performance (8.64%) and fastest computation time,
validating the scalability and commercial viability of precision allocation demonstrated in Chapter 3.

All code implementations described in this chapter are openly available in the GitHub repository at

https://github.com/Stansfash/thesis-python_codes/tree/main/chapter-4-machine-learning. Key code

excerpts are presented in Appendix B for reference.
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ABSTRACT

Efficient allocation of grain-based concentrate is essential for maximising milk yield and improving profitability
in dairy farming. This study optimised concentrate allocation for dairy cows by integrating machine learning with
evolutionary algorithms to enhance milk yield. Data from 1105 cows were analysed to model milk yield using
predictor variables including breed, days in milk, stage of lactation, lactation number, daily concentrate allocation
and climatic factors. For optimisation, records for 165 cows within a 30-day window were identified using a
Genetic Algorithm. Three machine learning models (Gradient Boosting Machines, Extreme Gradient Boosting
and Random Forest) were evaluated, with GBM showing superior predictive accuracy (R? = 0.75 training, 0.61
testing; RMSE = 3.02 L/cow-day ™" training, 3.47 L/cow-day ! testing). The pre-trained GBM was integrated
into four evolutionary algorithms (NSGA-II, SPEA-II, SMS-EMOA and RVEA) to simultaneously maximise herd-
level daily milk yield and minimise deviations in daily concentrate allocation. Concentrate levels per cow were
constrained between 6 and 11 kg per day, with adaptive bounds allowing no more than a 2 kg change per cow
per day from the previous allocation. Without increasing herd-level supplementation allowance, statistical anal-
ysis based on 10 independent runs per algorithm revealed NSGA-II achieved the highest mean milk yield increase
of 8.64 + 0.10%, significantly outperforming SPEA-II (7.94 + 0.13%), RVEA (7.41 + 0.10%), and SMS-EMOA
(6.63 4+ 0.24%). One-way ANOVA confirmed significant differences among all algorithms (F = 303.24,
p <0.001), with NSGA-II also demonstrating superior computational efficiency (74.9 & 0.7 s per day). These find-
ings demonstrate the potential of combining machine learning and evolutionary algorithms to optimise feed use
efficiency, highlighting promising practical applications of individualised feeding approaches to enhance milk
production in dairy systems.
© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co., Ltd. This is an open
access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

lactation stage, days in milk (DIM), and historical production perfor-
mance. This homogenised method can lead to feed inefficiencies and in-

Efficient feed allocation is pivotal in dairy farming, directly influenc-
ing profitability and milk production. In pasture-based dairy systems,
grain-based concentrates, rich in energy, are commonly used to en-
hance milk yield (MY) and supplement pasture intake; however, they
significantly contribute to operational costs, often comprising up to
60% of total production expenses (Craig et al., 2022; Uyeh et al., 2018).
Traditional feeding practices in these systems typically employ a flat-
rate approach, distributing concentrates uniformly across the herd
without accounting for individual cow variations such as breed,

* Corresponding author at: 380 Werombi Road, Centre for Carbon, Water and Food
(CCWF), Faculty of Science, University of Sydney, Camden, NSW 2570, Australia.
E-mail address: blessing.azubuike@sydney.edu.au (B.N. Azubuike).

https://doi.org/10.1016/j.aiia.2026.04.003

consistent MY, ultimately affecting the economic viability of the farm
(Dela Rue and Eastwood, 2017; Hills et al,, 2015).

Optimising feed allocation remains a complex challenge despite ad-
vancements in agricultural technology. Current strategies often fail to
utilise the extensive data generated on modern farms (Cockburn,
2020) or adapt to the dynamic nutritional requirements of individual
cows (Dela Rue and Eastwood, 2017; Hills et al., 2015). This results in
suboptimal feeding regimes that do not fully exploit the potential of
each cow for milk production, leading to underutilisation of resources
and limited productivity gains. Innovative approaches are needed to
process complex datasets, informing feeding decisions and tailoring
concentrate allocation to maximise MY while maintaining cost-
effectiveness (Brady et al.,2022; Dale et al,, 2016; Henriksen et al., 2019).

2589-7217/© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co., Ltd. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).
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Machine learning (ML) techniques and Artificial Intelligence (AI)
offer a promising solution by enabling the analysis of large datasets to
uncover intricate patterns between cow-specific factors and MY
(Cockburn, 2020). By developing predictive models based on variables
such as breed; lactation number; DIM; and daily concentrate intake;
farmers can customise feed allocation. Additionally; evolutionary algo-
rithms provide robust methods for multi-objective optimisation;
balancing goals like maximising MY and minimising feed costs (Ji
et al,, 2022; Nguyen et al., 2020; Shu et al., 2023; Souza et al., 2022;
Streefland et al., 2023).

Previous research has explored diet optimisation and cost
minimisation in dairy farming using mathematical programming tech-
niques, including linear and non-linear programming and goal program-
ming for animal diet formulation (Campos et al., 2023; Das et al., 2023;
Notte et al., 2020; Usigbe et al., 2023; Uyeh et al., 2019). Evolutionary al-
gorithms such as genetic algorithms, simulated annealing, and differen-
tial evolution have been applied to feed optimisation problems (Astuti
and Raj, 2016). While effective in reducing feed costs and optimising re-
source allocation; these methods often lack integration with machine
learning models that could enhance predictive accuracy and computa-
tional efficiency (Notte et al., 2021) and focus on group-level strategies
rather than individual cow optimisation; limiting their applicability in
personalised feeding regimes. The algorithms (linear programming)
used are sometimes constrained in nonlinear search spaces or local op-
tima and are tested on limited real-world applications; affecting the
generalisability of the results. Models capable of near real-time predic-
tion and optimisation that can be implemented in pasture-based dairy
systems are needed as some studies (Souza et al., 2022) have focused
on intensive dairy systems. By integrating ML with evolutionary algo-
rithms, this study builds on previous research work that were impeded
by prolonged run times and convergence on local optima in conven-
tional optimisation solvers, offering a comprehensive framework for in-
dividual cow level feed allocation that could lead to significant gains in
milk production efficiency and improved pasture utilisation. We
hypothesise that by optimising feed strategies with ML and evolutionary
algorithms, the combined approach will deliver a higher marginal MY
response per kilogram of concentrate than traditional biologically driven
feeding rules, thereby using the available concentrate more efficiently
and, in turn, promoting sustainable pasture management.

This study aims to integrate ML models with evolutionary optimisa-
tion algorithms to enhance feed allocation strategies in pasture-based
dairy farming by developing a comprehensive decision-support system
for dairy farmers. It addresses two key questions: can ML reliably pre-
dict MY from individual cow characteristics and feeding patterns? and
can embedded evolutionary algorithms effectively optimise grain-
based concentrate allocation to maximise daily MY? Furthermore, this
research examines whether the optimisation process remains profitable
and delivers comparable results in pasture-based commercial farms
with individual cow feeding systems, such as computerised bail feeding,
where significant variability in feed allocation is observed. Building on
previous work where this approach has been applied in flat-rate feeding
systems (Azubuike et al., 2024) and a small amount dataset, this study
also investigates whether increased variability in feeding data might
improve the training and performance of the model, particularly when
scaling from small to larger datasets to develop a data-driven frame-
work, using all data available, that integrates these approaches to opti-
mise grain-based concentrate allocation on an individual cow basis,
thereby enhancing MY and economic sustainability in large-scale
pasture-based dairy farm operations.

2. Materials and methods
2.1. Data

This study utilised a dataset collected from an Australian pasture-
based commercial dairy farm over a period of 886 days, ranging from
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12 January 2022 to 16 June 2024. The dataset comprised 485,449 re-
cords from 1105 individual cows, providing detailed daily information
of milk production, feeding patterns, and environmental conditions.

Milk production data included individual cow unique identifier
(Cow_ID), breed information (Holstein, Holstein Friesian, Friesian x Jer-
sey, Swedish Red-and-White), calving date, days in milk (DIM, days),
stage of lactation (SOL, categorical: early, mid, late), number of lactation
(NL, categorical: 1, 2, 3, 4), and daily milk yield (MY, L cow ™! day ™).
Feeding data encompassed daily concentrate intake (CONC, kg cow ™!
day~') and the concentrate allocation recommended by Delpro soft-
ware (Delaval, Sweden) (drat, kg cow™! day~!), which operates
based on predefined feeding rules set by the farm managers. Concen-
trate was allocated on a dry matter (DM) basis. The grain-based concen-
trate pellets fed to the cows had an approximate composition of 17%
crude protein (CP), 20% neutral detergent fibre (NDF), and 12.5 MJ
ME/kg DM, typical of commercial concentrate formulations used in
Australian pasture-based dairy systems. Environmental conditions
were recorded through minimum and maximum temperatures
(min_temp and max_temp, °C), vapour pressure (vp, kPa) and relative
humidity levels at minimum and maximum temperatures (rh_tmin
and rh_tmax, %). Additional computed variables included expected MY
projected by the Delpro software (dexp_my) and average MY over the
previous seven days (AvgYieldPrev7d). The stages of lactation were
categorised as early (1 to 100 DIM), mid (101 to 199 DIM), and late lac-
tation (200 or more DIM) stages. This classification was essential for
analysing milk production patterns relative to different lactation stages.

To ensure the integrity and quality of the data for subsequent analy-
sis, a thorough data preprocessing procedure was implemented. Cate-
gorical variables (Cow_ID, breed, SOL, NL) were converted to factor
variables and underrepresented groups (breeds with 6000 records or
less) were excluded from the dataset to ensure that the models were
trained on breeds with adequate representation. Outlier detection and
removal were conducted on selected continuous variables: DIM, MY,
and daily concentrate intake (CONC). Outliers were identified using
the interquartile range (IQR) method, where data points lower than
1.5 times the IQR below the first quartile or higher than 1.5 times the
IQR above the third quartile (only those biologically impossible or un-
likely values) were discarded. The preprocessing steps reduced the
dataset by 6.05%, resulting in a refined dataset (456,078 records for
1053 cows) suitable for accurate and reliable modelling. All data prepro-
cessing and descriptive analyses were conducted using the open-source
statistical software R, version 4.4.1.

2.2. Exploratory data analysis

An exploratory data analysis was undertaken to comprehend the un-
derlying patterns and relationships within the dataset before modelling.
Spearman rank correlation was employed to examine associations be-
tween and among the variables (MY, DIM, concentrate intake, and envi-
ronmental factors). This non-parametric method was selected to detect
monotonic relationships between the variables.

To identify potential groupings among cows, K-means clustering
(Bock, 2007) was applied with k = 2 clusters, determined as mathemat-
ically optimal through comprehensive validation. The optimal number
of clusters was identified using three complementary validation met-
rics: the elbow method, silhouette score (0.494-0.523), and Davies-
Bouldin Index (<0.76) (see Supplementary Fig. S1). The clustering
algorithm focused on the average MY and average concentrate intake
per cow as the variables for grouping. The clustering process was
performed separately for each number of lactations to account for vari-
ations in milk production patterns across different lactations within the
herd with respect to their respective concentrate intake levels, with
k = 2 consistently identified as optimal across all lactation numbers.
Visual representations, such as scatter plots and box plots, were employed
to illustrate the relationships between key variables (average MY versus
CONC) within each cluster and the outcomes of the clustering analysis.
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2.3. Milk yield modelling

The predictive models for MY were developed, evaluated, and
optimised using Python (version 3.11.4). Machine learning algorithms
(GBM, XGBoost, RF) were implemented using scikit-learn version 1.7.2
(Pedregosa et al., 2012); while the evolutionary algorithms (NSGA-II;
SPEA-II; SMS-EMOA; RVEA) for multi-objective optimisation were imple-
mented using Pymoo version 0.6.1.1 (Blank and Deb, 2020). Data manip-
ulation and preprocessing were performed using pandas version 2.2.3 and
NumPy (version 1.26.4). Following the exploratory data analysis, three
machine learning algorithms were employed to predict daily MY for indi-
vidual cows: Gradient Boosting Machines (GBM), Extreme Gradient
Boosting (XGBoost), and Random Forest (RF). The target variable for pre-
diction was MY and the predictor variables included both categorical
(breed, SOL, NL) and continuous variables (DIM, CONC, min_temp,
max_temp, rh_tmin, rh_tmax, and vp"). DIM and SOL were both retained
as predictors because, despite their conceptual overlap, DIM captures the
continuous lactation trajectory whilst SOL captures distinct stage-specific
production patterns, providing complementary information to the model.

To ensure robust validation of the predictive models and maintain
reproducibility of the results, the dataset was randomly split at the indi-
vidual cow level using a fixed random state. To maintain good represen-
tation of individual cow data, 80% of records for each cow was used as
the training set (364,862) and the remaining 20% as testing set
(91,216). Two distinct subsets of predictor variables were generated
for modelling purposes, enabling the assessment of the impact of envi-
ronmental factors on the predictive performance of the models. The first
subset incorporated weather-related variables, while the second subset
excluded such factors. Data pre-processing involved treating categorical
variables (breed, SOL, NL) as categorical features, transforming dates
into datetime formats, data normalisation via standardisation of the nu-
merical variables, and applying one-hot encoding to the categorical fea-
tures. A machine learning pipeline was constructed to streamline the
preprocessing and modelling phases.

Hyperparameter optimisation and grid search were conducted on
the training data using both five-fold and ten-fold cross-validation strat-
egies to optimise the predictive performance of each machine learning
model. The scoring metric minimised during optimisation was the
mean squared error (MSE), aiming to reduce the average squared differ-
ence between the predicted and actual MY. For both GBM (Friedman,
2001; Mason et al., 1999) and RF (Breiman, 2001; Liaw and Wiener,
2002) the hyperparameters adjusted were the number of estimators
ranging from 100 to 500 in increments of 50, and maximum depth set
at 5 and 10. The GBM model was tuned to learning rate at 0.01 and
0.05, while RF had fixed values for minimum samples required to split
an internal node and at a leaf node, both set at 5. XGBoost (Chen and
Guestrin, 2016) model was optimised by adjusting the number of esti-
mators between ranges (100 to 500), the learning rate (0.01 and
0.05), and maximum depth (5 and 10), along with its two regularisation
parameters, both set at 0.5.

The grid search systematically evaluated combinations of these
hyperparameters across the different models and cross-validation strat-
egies. The best model was identified based on the one with the lowest
MSE and the optimal model parameters were found for each combina-
tion of model, subset, and cross-validation strategy. The overall best
model was selected by comparing the best scores across all configura-
tions. The selected best model was then trained using the optimal
hyperparameters on the training data and evaluated on the testing
data. Predictions were made on both training and testing sets and eval-
uation metrics, MSE, root mean squared error (RMSE) and R-squared
(R?), were used to assess the performance of each model.

2.4. Data sampling genetic algorithm

To select an appropriate dataset for testing the multi-objective opti-
misation algorithms, a genetic algorithm (GA) was employed to identify
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the optimal 30-day time window from the available data. This GA serves
as a data selection tool, not a feeding optimisation algorithm. Its purpose
is to find a period where a consistent set of cows in productive lactation
stages are present throughout, providing a robust testing environment
for the subsequent concentrate allocation optimisation. This 30-day
window was chosen because it strikes a sensible balance: it is long
enough for the model to adjust feed levels effectively, but still short
enough to keep the optimisation computationally tractable (see
Section 3.5). The dataset for optimisation was extracted from the pre-
processed data with a focus placed on selecting the same set of cows
that would be present throughout this period. Data were then filtered
for cows within the DIM range of 60 to 270 days to target those in
early to late lactation stages (critical periods for milk production
optimisation).

The GA was configured with a population size of 50, a crossover rate
of 0.8, a mutation rate of 0.07, an elite rate of 0.1, and was run over 50
generations. These parameter values were selected based on estab-
lished practices for small combinatorial search problems. A population
size of 50 was sufficient given the discrete and bounded nature of the
search space, whilst a crossover rate of 0.8 and mutation rate of 0.07 re-
flect standard settings that balance exploration and exploitation for
problems of this scale (Deb, 2001). Fifty generations were sufficient
for this problem given the discrete and bounded nature of the search
space, which consists of selecting start dates within a fixed time series.
For simple combinatorial problems of this scale, 50 generations is a
well-established starting configuration that provides adequate opportu-
nity for the population to converge without unnecessary computational
overhead. The window size was set to 30 days, corresponding to the du-
ration for which consistent data was required. The fitness function was
designed to prioritise windows that maximised the number of unique
cows within the target DIM ranges (60-270 days), ensured cows were
present on all days within the window, and minimised the variability
of DIM values to achieve a balanced sample, the balance of DIM values
measured by their standard deviation (with a lower standard deviation
indicating a more uniform group), and the consistency of cow presence
throughout the window. The fitness score was computed using a
weighted sum of these factors, prioritising cows in the early DIM
range and those consistently present, while penalising higher DIM var-
iability to favour balanced groups.
Mathematical Formulation of the Fitness Function:

Let W represent a candidate 30-day window starting on day t. The
fitness function maximises:

F(W) = wy X Nunique = W2 X Obmm + W3 X Cpresence-

where:

* Nunique = number of unique cows present on all 30 days within the
target DIM range (60-270 days)

* Oppv = standard deviation of DIM values across selected cows (lower
is better)

* Cpresence = coNsistency score (proportion of days each cow is present)

* Wy, Wy, w3 = weight coefficients prioritising cow count, DIM balance,
and presence consistency

The GA searches across possible starting dates t to find the window
W* that maximises F(W).

The GA proceeded through selection, crossover, and mutation pro-
cesses. Selection involved choosing parents based on fitness scores,
with a probability proportional to their fitness, ensuring that higher-
performing chromosomes had a greater chance of contributing to the
next generation. Crossover was performed using a single-point method,
swapping start and end dates between parent chromosomes to create
offspring, with validity checks to maintain the required window dura-
tion. Mutation introduced random adjustments to start dates within
permissible ranges, maintaining the window size and introducing new
genetic variations into the population. Elite chromosomes with the
highest fitness scores were carried over unaltered to the next
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generation, preserving the best solutions found so far and accelerating
convergence.

2.5. Multi-objective optimisation for concentrate allocation

To maximise total MY through optimised concentrate allocation, a
multi-objective optimisation approach was implemented and computed
using the Pymoo library in Python (Blank and Deb, 2020). Four
evolutionary algorithms, the Non-dominated Sorting Genetic Algorithm
II (NSGA-II) and the Strength Pareto Evolutionary Algorithm II (SPEA-
II), the S-Metric Selection Evolutionary Multi-Objective Algorithm
(SMS-EMOA), and the Reference Vector Guided Evolutionary Algorithm
(RVEA), were utilised to solve the optimisation problem. The primary ob-
jective of this procedure was to determine the optimal daily grain-based
concentrate allocation for individual cows to maximise total MY while
minimising deviations in total concentrate usage. This dual-objective en-
sured that the optimisation not only focused on increasing milk produc-
tion but also maintained the total concentrate allocation within specified
constraint that ensured that the total concentrate allocated to all the cows
did not significantly exceed or fall below the existing allocation levels,
maintaining budgetary and nutritional balance among the cows.
Mathematical Formulation of the Optimisation Problem

The multi-objective optimisation problem is mathematically
formulated as follows:

Decision Variables:

Let x; 4 represent the daily concentrate allocation (kg/day) for cow i
on day d, where:

i=1,2,...,N(N =165 cows in our study).

d=1,2,...,D (D = 30days).

Objectives:

1. Maximise total herd-level daily milk yield:

N
Maximisefl = Z MY,"d (Xi,dvFi,d)
i=1

where 1\71?,-,4 is the predicted MY for cow i on day d, obtained from the
pre-trained GBM model, and F; 4 represents the vector of other features
(breed, DIM, SOL, NL, weather variables).

Average MY over the previous seven days was excluded from the op-
timisation feature vector because during optimisation these lagged
values reflect historical yields generated under the original feeding re-
gime rather than the hypothetical strategy being evaluated, introducing
an inconsistency between predictor values and the concentrate alloca-
tions under consideration

2. Minimise deviation in total concentrate allocation:

N
Minimise f, = |3 x;q — il
i=1

where 4™ is the actual total concentrate used on day d in the baseline
data.
Constraints:

1. Daily concentrate bounds per cow:
Lmin < Xig < Linax
where L, = 6kg/day and Li,qx = 11kg/day
2. Maximum daily change constraint:
[Xig—Xiq—1| < 2 kg/day

This ensures gradual daily adjustment within operationally feasible
limits, reflecting widely accepted feeding management practices for
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Australian pasture-based dairy systems and maintaining continuity in
individual cow feeding patterns.

3. Total concentrate budget constraint:
N

0.999 x CF™ < 2 Xiq < 1.000 c3tual
iz

This maintains the overall concentrate usage within 99.9% to 100% of
the baseline allocation.

4. Adaptive bounds (for days d >1):
Xid € [max(Lmin, Xid—1— 2), min (LmaXv Xid—1 + 2)}

This combines the daily change constraint with the absolute bounds.
Problem Formulation:

Maximise f (X;q)
Minimise f; (X;q)
Subject to : Constraints 1 — 4 above

This formulation is solved using four evolutionary algorithms
(NSGA-II, SPEA-II, SMS-EMOA, RVEA) to obtain a set of Pareto-optimal
solutions representing different trade-offs between maximising MY
and minimising concentrate deviation.

The dual formulation of concentrate allocation control, both as an
optimisation objective (f;) and as a hard constraint (99.9-100% of
baseline), serves complementary purposes. The constraint establishes
an absolute boundary ensuring that total concentrate usage remains
within budgetary limits, preventing solutions that would require
purchasing additional feed. Within this hard boundary, the objective
function guides the evolutionary algorithms to explore the Pareto
front, generating multiple solutions that represent different trade-offs
between maximising milk yield (f;) and maintaining concentrate
allocation close to baseline levels (f). This approach allows farm
managers to select from a range of Pareto-optimal solutions based on
their risk tolerance and operational preferences. Solutions closer to
100% baseline allocation represent conservative strategies with minimal
operational disruption, whilst those using the full allowable range
(99.9-100%) maximise milk yield gains. The multi-objective framework
thus provides flexibility that a constraint-only approach would not
offer, as it generates a spectrum of viable feeding strategies rather
than a single solution.

The constraints were also incorporated to reflect practical feeding
limits on an individual cow level. Specifically, the concentrate for a
cow on a given day could vary by a maximum of 42 kg/day from the
concentrate allocation of the previous day, with overall minimum and
maximum limits set at 6 kg/day and 11 kg/day, respectively. These
limits were based on widely accepted feeding management practices
for Australian pasture-based dairy systems (“Feeding dairy cows : a
manual for use in the Target 10 Nutrition Program,” 2015). Additionally,
the sum of individual concentrate allocations was constrained to be
within 99.9% to 100% of the total actual concentrate used in the baseline
data for that day, ensuring that the overall concentrate usage remained
consistent with existing feeding regime. The tight herd-level constraint
(99.9-100%) reflects conservative management practice ensuring that
optimisation improvements are achieved through reallocation rather
than requiring additional feed purchases, thereby maintaining opera-
tional feasibility and budget adherence.

The optimisation process involved several key steps. Data prepara-
tion was undertaken using the daily records of cows over the previously
identified optimal 30-day window from the GA. Features included in the
optimisation were breed, DIM, SOL, NL, ‘vp’, min_temp, max_temp,
rh_tmin, rh_tmax, and CONC. The pre-trained predictive model for
MY, developed earlier using a Gradient Boosting Regressor, was loaded
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to predict MY based on these predictor features and the proposed con-
centrate allocations.

A custom optimisation problem class was defined, encapsulating the
objectives and constraints of the optimisation. This class utilised the
Pymoo framework because of its capabilities to handle multi-objective
problems with constraints. All the algorithms were configured with a
population size of 200. Genetic operators included a simulated binary
crossover (SBX) with a crossover probability of 0.95 and an eta value
of 15, and polynomial mutation with an eta value of 20. Duplicate solu-
tions were eliminated to maintain population diversity, and the termi-
nation criterion was set to 100 generations to balance computational
efficiency and solution quality. Infeasible solutions generated during
crossover or mutation, those violating the daily concentrate bounds or
the total budget constraint, were handled automatically by the Pymoo
framework through the constraint violation handling mechanism de-
fined in the problem class, which penalised infeasible candidates during
selection and guided the search towards feasible regions of the solution
space. All model training and optimisation runs were executed on a per-
sonal computer equipped with a 13th Generation Intel Core i9-
13900HX processor (2.20 GHz, 24 cores, 32 logical processors),
32.0 GB RAM, running Microsoft Windows 11 Home.

To ensure statistical robustness and account for the stochastic nature
of evolutionary algorithms, each algorithm (NSGA-II, SPEA-II, SMS-
EMOA, RVEA) was executed 10 times using different random seeds (3,
7,15,22,28,31, 38,41, 46, 49). This approach enabled statistical valida-
tion of results through normality tests, analysis of variance (ANOVA),
and post-hoc pairwise comparisons. The optimisation was executed it-
eratively for each day within the 30-day window. For the first day, the
initial population or guesses was seeded with the actual concentrate al-
locations from the sample data. For subsequent days, the initial solu-
tions were based on the optimised allocations from the previous day,
adhering to the dynamic bounds. This approach was adopted to aid con-
tinuity and practicality in the daily feeding adjustments. In each itera-
tion, candidate solutions, sets of individual cow concentrate
allocations, were evaluated using the predictive model to estimate the
resulting MY. The objectives and constraints were computed accord-
ingly, and the optimisation algorithms guided the search towards
Pareto-optimal solutions that balanced MY maximisation and concen-
trate allocation minimisation.

Upon completion of the optimisation process for each day, a single
solution was selected from the Pareto front of non-dominated solutions.
The selection criterion prioritised solutions that maximised MY (objec-
tive 1) while maintaining minimal deviation from baseline concentrate
allocation (objective 2), effectively choosing the solution closest to the
ideal point where both objectives are optimised simultaneously while
satisfying all constraints. The optimised concentrate allocations and
the predicted MY were recorded. Key performance metrics for each op-
timisation algorithm (NSGA-II, SMS-EMOA, RVEA and SPEA-II), includ-
ing the percentage increase in predicted MY compared to the actual
sample data, the total optimised concentrate used, and the optimisation
compute time, were calculated for each day and used for comparative
analysis of their performance. Fig. 1 provides an overview of the com-
plete methodological framework, illustrating the four stages, their out-
comes, and how they connect. This clarifies the role of the Data
Sampling GA (Stage 3) as a data selection tool that identifies the optimal
testing window for the multi-objective optimisation algorithms (Stage
4), while the pre-trained prediction model from Stage 2 serves as the
objective function for optimisation.

3. Results and discussion
3.1. Descriptive analysis
After the raw dataset was cleaned and pre-processed, the dataset

was comprised of 456,078 records, detailing milk production and envi-
ronmental factors for 1053 unique dairy cows across 885 sampling days.
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It included a broad range of records per cow, reflecting varied DIM,
CONC, and MY records. The DIM values ranged from 1 to 516 days,
with an average of 180.61 + 109.20 days, capturing cows at different
SOL, from early (<100 DIM), mid (100 to 199 DIM) to late (200 to 305
DIM) and also extended lactation (>305 DIM). This comprehensive dis-
persion in DIM was critical for modelling and optimising MY, as lacta-
tion stage significantly impacts milk production. The concentrate
allocation showed a wide variability with values ranging from 2 to
14.5 kg/cow/day with an average of 6.98 + 2.24 kg/cow/day. This vari-
ability in concentrate distribution was beneficial for the MY modelling
and optimisation process as it allowed for analysis of how different
feeding levels influenced MY across various stages of lactation and
breeds. Given the variability in MY among cows and the fact that cows
were grazed on pasture, MY per unit of concentrate fed presented nota-
ble variation, ranging from 0.17 to 15.80 L/kg of concentrate/cow/day,
with an average of 2.64 £ 1.19 L/kg of concentrate/cow/day.

The analysis of categorical data revealed insightful distributions
across breed, NL, and SOL. The majority of records were from Holstein
cows, comprising 39.62%, and this was followed by Holstein Friesian at
31.30%. The Friesian x Jersey crossbreed accounted for 16.06%, while
the Swedish Red-and-White represented 13.02%. This breed composi-
tion indicates a predominant focus on Holstein and related high-
yielding breeds in the dataset. Regarding the distribution by NL, first-
lactation cows constituted the largest group, contributing 34.33% of
the total, signifying a significant representation of younger cows
followed by second-lactation (26.60%), fourth-lactation (22.65%), and
third-lactation (16.43%). For the SOL, late (including extended) lactation
cows were most prevalent, comprising 41.85% of the dataset, with mid
lactation and early lactation cows contributing 30.00% and 28.14%, re-
spectively. This distribution provides a well-rounded dataset for exam-
ining productivity across multiple lactation cycles and lactation stages.

3.2. Correlation analysis

The correlation analysis revealed that several variables were
strongly correlated with MY. As expected, average MY over the previous
seven days (0.81) exhibited the strongest positive correlations with MY,
indicating that historical MY metrics are closely aligned with current
milk output (Fig. 2). Concentrate consumed per cow also had a moder-
ate positive correlation (0.35) with MY, showing the impact of concen-
trate intake on milk production levels. Conversely, DIM showed a
significant negative correlation with MY (—0.45), reflecting the ex-
pected decline in MY as lactation progresses. Other environmental fac-
tors, such as ‘vp,, min_temp and max_temp demonstrated weak
correlations with MY, implying that while they may affect cow welfare,
their direct impact on daily MY is minimal. All correlations presented in
Fig. 2 were statistically significant (p < 0.05). Overall, this correlation
analysis highlights that historical milk performance metrics, feeding
levels, and NL are key driving factors correlated with MY, while environ-
mental conditions play a more limited role. Additionally, visualising the
relationship between average MY per kg of concentrate and DIM across
different NL and breeds, as shown in Fig. 3, the relationship indicated
that the average MY per kg of concentrate consumed ranged between
1 and 6 L/kg of CONC showing that there is still a wide variability in
feed efficiency among the cows.

3.3. K-means clustering

The K-means clustering analysis, performed separately for each NL,
revealed distinct production heterogeneity within each parity group.
The optimal cluster number was determined to be k = 2 through com-
prehensive mathematical validation using three complementary met-
rics: the elbow method, silhouette scores (ranging from 0.494 to 0.523
across lactation numbers), and Davies-Bouldin Index (all values
<0.76), with full validation results presented in Supplementary
Fig. S1. This k = 2 configuration consistently outperformed higher
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Input:

Process:
« Data cleaning and validation

« Feature engineering

Output:

* Outlier removal (IQR method)

« Categorical variable encoding
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STAGE 1: DATA COLLECTION AND PREPROCESSING

Raw farm data (886 days, 1,105 cows, 485,449 records)

Clean dataset (456,078 records, 1,053 cows)

Used in: Stage 2 (model training) and Stage 3 (window selection)

l

STAGE 2: MILK YIELD PREDICTION
MODEL TRAINING

Input:
Clean dataset from Stage 1

Process:
« Split data (80% training, 20% testing)
* Train multiple ML models (GBM,
XGBoost, RF)
* Hyperparameter tuning (grid search
with cross-validation)
* Model evaluation and selection

Output:
Pre-trained GBM model (R*=0.75
training, 0.61 testing; RMSE = 3.02/3.47)

Used in: Stage 4 (as objective function)

l

STAGE 3: DATA SAMPLING GA
(WINDOW SELECTION)

Input:
Clean dataset from Stage 1

Process:

* GA searches for optimal 30-day window
« Fitness function maximises consistent
cow presence in target DIM ranges
(60-270 days)

« Population size = 50, 50 generations

« Selection, crossover, mutation

Objective:

Maximise F(W) = w;xN,

- W2XOpy
+ w3xC

unique
presence
Output:
Selected 30-day window (30 Aug - 28
Sep 2023, 165 cows, 4,950 records)

Used in: Stage 4 (provides test dataset)

Input:
+ 30-day window data from Stage 3
* Pre-trained GBM model from Stage 2

Process:

« Population size = 200, 100 generations

« Daily iterative optimisation over 30 days
Objectives:

» Maximise herd-level daily milk yield

Constraints:

« Individual cow bounds: 6-11 kg/day
« Daily change limit: +2 kg/day
« Total budget: 99.9-100% of baseline

Output:

l

+ Minimise concentrate deviation from baseline

STAGE 4: MULTI-OBJECTIVE OPTIMISATION (FEED ALLOCATION)

« Four evolutionary algorithms (NSGA-II, SPEA-II, SMS-EMOA, RVEA)

Optimised feeding schedules (6.5-8.5% milk yield increase, SPEA-II efficient)

Fig. 1. Methodological framework showing the four-stage workflow. Stage 1: Data preprocessing; Stage 2: Machine learning model training (GBM selected as best model); Stage 3: Data
Sampling GA for optimal 30-day window selection (165 cows); Stage 4: Multi-objective optimisation using evolutionary algorithms integrated with the pre-trained model. Arrows indi-
cate data flow between stages, demonstrating how the Data Sampling GA (Stage 3) serves as a data selection tool for testing the optimisation algorithms (Stage 4).

cluster numbers across all validation criteria, indicating that cows
within each parity naturally separate into two distinct production
groups based on their average MY and concentrate intake patterns.
Within each NL, the two clusters represented cows with relatively
higher production levels (higher MY and higher CONC) and cows with
relatively lower production levels. For first-lactation cows (NL = 1),
the higher-producing group (n = 430) averaged 15.3 L/cow/day with
7.1 kg/cow/day of concentrate, whilst the lower-producing group
(n=237) averaged 11.4 L/cow/day with 5.9 kg/cow/day of concentrate
(Supplementary Table S1). This production differential was even more

931

pronounced in multiparous cows. Second-lactation cows (NL = 2)
showed the highest production in the higher-performing cluster
(18.8 L/cow/day with 7.4 kg/cow/day concentrate, n = 371) compared
to their lower-performing counterparts (13.8 L/cow/day with 6.3 kg/
cow/day concentrate, n = 157). Third- and fourth-lactation cows exhib-
ited similar patterns, with higher-producing clusters achieving 20.3 and
19.7 L/cow/day respectively, consistently demonstrating that multipa-
rous cows in the higher-production groups benefitted most from in-
creased concentrate allocation and were potentially more productive
overall.
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Fig. 2. Correlation heatmap of key variables influencing milk yield (MY). A heatmap illustrating the correlation matrix for key production and environmental variables associated with MY.
The strongest positive correlations are observed between MY and historical milk yield indicators (AvgYieldPrev7d), while DIM shows a significant negative correlation, reflecting the de-
cline in MY over the lactation period and moderate positive correlations with concentrate intake (CONC). Environmental factors(vp, min_temp, max_temp, rh_tmin, rh_tmax) exhibited

weaker correlations, suggesting a more indirect influence on daily milk production.

The clustering analysis revealed that multiparous cows generally
achieved higher average MY, particularly within the higher-producing
clusters, consistent with the multiparous profiles described by Lee
et al. (2020); who reported steeper lactation-curve peaks and greater
total yields once cows moved beyond their first lactation. In contrast;
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Fig. 3. Average milk yield per kg of concentrate by days in milk (DIM) across different
breeds and number of lactations (NL). The graph illustrates the relationship between the
average milk yield per kg of concentrate consumed (L/kg concentrate cow ' day~') and
DIM for different breeds (smooth trend lines with shaded ribbons showing the 95% confi-
dence interval), with each subplot representing a specific NL.
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first-lactation cows displayed lower overall production levels with the
lower-producing cluster averaging just 11.4 L/cow/day; aligning with
the flatter; more persistent lactation curves reported for primiparous
cows by Lee et al. (2020) who used k-medoids clustering and found
that primiparous cows exhibited flatter curves with lower peak yields
and later peak timing, whilst multiparous cows showed steeper peaks
and higher production. Our k = 2 results directly support this: first-
lactation cows (11.4-15.3 L/cow/day) produced substantially less than
multiparous cows (18.8-20.3 L/cow/day in higher-producing clusters),
demonstrating the lower production capacity and flatter profile charac-
teristic of primiparous animals. The presence of substantial within-
cluster variability, as indicated by the within-cluster sum of squares
values (withinss) ranging from 887.25 to 1948.89 across the eight clus-
ter combinations (Supplementary Table S1), suggests considerable indi-
vidual variation even within production groups. This heterogeneity
highlights opportunities for further individualised feeding optimisation
strategies to standardise and enhance productivity across different pro-
duction levels.

The k = 2 clustering effectively captured the fundamental produc-
tion dichotomy within each parity: cows respond differently to concen-
trate supplementation based on their inherent production capacity. As
shown in Fig. 4, the two clusters exhibited distinct separation patterns
across all lactation numbers, with the clusters representing high and
low producers within each NL rather than different stages of lactation.
This production-based segmentation, validated through robust mathe-
matical metrics, provides a practical framework for precision feeding
strategies. By identifying cows with similar production characteristics
within each parity, the clustering facilitates targeted nutritional
management, whereby higher-producing cows receiving optimal
concentrate levels to support their elevated milk output, whilst lower-
producing cows receive appropriately calibrated supplementation, ulti-
mately improving overall feed use efficiency and resource allocation
across the herd.
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Fig. 4. Relationship between MY and concentrate intake by number of lactations (NL) with K-Means Clustering. Plot (a) shows the distribution of individual cows before clustering, while
plot (b) demonstrates the results of K-Means clustering using k=2 clusters, highlighting distinct production patterns between high- and low-producing groups within each lactation num-
ber. The optimal cluster number (k = 2) was determined through mathematical validation using the elbow method, silhouette score, and Davies-Bouldin Index, performed separately for
each NL (validation results shown in Supplementary Fig. S1). Cluster 1 (teal) and Cluster 2 (orange) represent two distinct production groups within each parity, with detailed cluster
statistics provided in Supplementary Table S1. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

3.4. Performance evaluation of the MY prediction model

The modelling results after training demonstrated the predictive
performance of various machine learning models in estimating MY
with two feature subsets: ‘w’ (with cow characteristics and environ-
mental data) and ‘nw’ (with only cow characteristics). The GBM, applied
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to the full set of predictors (cow characteristics and environmental
data) with 10-fold cross-validation, emerged as the best-performing
model. It achieved the lowest MSE of 12.26, an RMSE of approximately
3.5 L/cow/day, and an R? of 0.75 (Fig. 5a). These metrics indicated pre-
cise predictive capability, high reliability, and ability of the GBM in
explaining the variance in MY. The optimised hyperparameters for the

(b)

FRIESIAN X JERSEY Holstein Friesian Swedish Red-and-White
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[
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Fig. 5. Comparative analysis of model performance metrics and MY predictions. (a) Bar plot displaying the Root Mean Squared Error (RMSE) of different machine learning models (GBM,
XGBoost, and RF) for predicting milk yield for the trained model. The RMSE, expressed in litres per cow per day (L/cow/day), is the square root of the mean squared error and quantifies the
average prediction error. Results are presented for models trained on two feature subsets: ‘w’ (with cow characteristics and weather data) and nw’ (with only cow characteristics).
(b) Scatter plots depicting predicted versus observed milk yield across various cow breeds, with NL represented as a gradient colour scale. These plots illustrate the predictive accuracy
of the best-performing model and how it performs on the test set across different breeds and NL.

933

73



B.N. Azubuike, A. Chlingaryan, M. Correa-Luna et al.

GBM included a learning rate of 0.05, a maximum depth of 10, a mini-
mum of 5 samples per leaf, 5 samples per split, and 500 estimators.
This fine-tuning contributed significantly to its performance, providing
a balance between model complexity and generalisability. The XGBoost
model also exhibited competitive performance when applied to the full
set of predictors, recording an MSE of 12.39 and an RMSE only margin-
ally higher than that of the GBM. In contrast, the RF model showed
higher MSE and RMSE values, with an MSE of approximately 14.67, an
RMSE of around 3.83 L/cow/day, and an R? of 0.68 across both feature
subsets. This indicates that while RF maintained reasonable predictive
accuracy, it was outperformed by the boosting algorithms.

After training, the GBM model was evaluated on the test set, achiev-
ingan R? of 0.61 (explaining 61% of variance in MY ), MSE of 12.05, RMSE
of 3.47 L/cow/day, and a Concordance Correlation Coefficient (CCC) of
0.75 (0.81 for training). The CCC, which assesses both precision and ac-
curacy, indicates substantial agreement between predicted and ob-
served values. These performance metrics demonstrate the
effectiveness of the model in predicting MY on unseen data and are
comparable to similar studies where Streefland et al. (2023) achieved
R? = 0.71; and Ji et al. (2022) reported RMSE of 3.2-4.5 L/cow/day
using ML for MY prediction.

Feature importance analysis from the best-performing GBM model
revealed the relative contribution of predictor variables to milk yield
prediction. Days in milk was the most important predictor (relative im-
portance: 42.4%), followed closely by concentrate intake (CONC,
37.1%). Environmental variables collectively contributed 18.7% to pre-
dictive accuracy, with maximum temperature (5.8%) and minimum
temperature (4.9%) being the most influential climatic factors. Breed
contributed 1.7%, whilst stage of lactation accounted for a negligible
proportion (0.1%) of model predictions. These importance values re-
flect the relative influence of each variable on the model decision-
making process, with DIM serving as the strongest predictor whilst
concentrate intake represents the primary modifiable factor available
for optimisation, accounting for more than one-third of the predictive
power of the model.

The modelling analysis provided key insights into MY predictions
across different SOL, highlighting how specific features influence pre-
dictive performance. As shown in Table 1, average predicted and actual
MY consistently rise with increasing parity, a trend that is also evident
in Fig. 5b, where the two clusters (low and high producers) show dis-
tinct production patterns within each lactation number. An additional
2 kg of concentrate delivers the greatest marginal return in second-
lactation cows, lifting predicted yield by about 2.5 L/cow/day, whereas
the same supplement yields smaller gains in other parities. Tempera-
ture effects are similarly parity-dependent: maximum temperatures
above 26 °C and minimum temperatures exceeding 19 °C raise predic-
tions by roughly 1-3 L/day, but only once cows have moved beyond
their first lactation. Second-parity cows showed substantial productiv-
ity, with mid-lactation animals achieving mean predicted yields of
18.4 L/day at an average concentrate allocation of 7.7 kg/day

Table 1
Model-predicted milk yield and key covariate effects across parities and lactation stages.
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(Supplementary Table S2). These animals exhibited a mean milk-to-
concentrate conversion efficiency of 2.60 L/kg, intermediate between
the higher efficiency observed in early lactation (3.11 L/kg) and the
lower efficiency in late lactation (2.44 L/kg). Across all parity, the
early-lactation phase remains the most responsive period, adding 4 to
5 L per cow per day above baseline and highlighting the value of
targeted nutritional support during the first three months after calving.
Table 1 shows predicted MY values and the marginal effects of concen-
trate supplementation and temperature on daily milk production across
different parities (NL) and SOL.

Building on these results, our analysis demonstrates that models
leveraging boosting techniques and ensembles, particularly the GBM
fine-tuned with optimal hyperparameters, provide superior predictive
accuracy and lower error margins. This level of performance is crucial
for reliable MY forecasting in dairy production, supporting effective
decision-making and resource optimisation and supported by previous
research done by (Streefland et al., 2023). The results of the correlation
analysis and predictive modelling align with the findings of previous re-
search conducted on the impact of environmental and cow-specific fac-
tors on MY (Azubuike et al., 2024). In particular; the weak correlations
observed between MY and certain environmental variables; such as va-
pour pressure; temperature; suggest that while these factors may influ-
ence cow comfort and welfare; their direct effect on daily MY is limited
(Fig. 2). This is consistent with the work by Zhang et al. (2020), which
found that the introduction of weather parameters had a relatively
small impact on the accuracy of MY forecasting, with only minor im-
provements observed.

Furthermore, Gasser et al. (2023) reported that, in moderate cli-
mates, the inclusion of meteorological variables such as temperature,
rainfall, wind speed, and barometric pressure did not improve MY pre-
diction models. Their study indicated that models incorporating lagged
MY records were more effective in predicting future MY, suggesting that
meteorological data may be indirectly captured through lagged MY pro-
duction. This aligns with our results, where the inclusion of weather pa-
rameters did not result in huge improvements in model performance, as
evidenced by the minimal decrease in MSE and RMSE values for the
models with weather data compared to those without (Fig. 5a) the
weather data.

However, the predictive models evaluated in our study still demon-
strated the potential of incorporating both cow characteristics and envi-
ronmental or weather data to effectively predict MY. This is consistent
with the findings by Katsini et al. (2024); who emphasised the role of
climate factors such as humidity; wind; and radiation in influencing
milk production. The comparison of the models (GBM; XGBoost; and
RF) with and without environmental data (w vs. nw) supports the no-
tion that while including environmental factors can enhance the predic-
tive accuracy of the models; the magnitude of this improvement
remains limited (Fig. 5a); reflecting similar conclusions drawn by previ-
ous studies regarding the effectiveness of weather parameters in fore-
casting MY (Gasser et al., 2023).

Lactation Lactation DIM range Mean predicted Typical increase over Effect (A MY) of an extra = 2 kg Temperature-related effect
(NL) stage (days) MY baseline* concentrate

(Lcow™'d™") (Lcow 'd™")
1 Early 12-95 13.76 241 +197L Tmax 26.3-35.5°C - +1 L
1 Mid 95-207 ~14.7" 1 NS NS
2 Early 12-95 16.31 4.42 +253 L Tmax >26.5°C - +1.2 L
2 Mid 98-214 18.54 +0.9 (vsoverall 17.64) NS NS

Tmin >19.3°C — +2.63 L; Tmax

3 Early 12-95 16.85 5.3 NS 26.5-36.2 °C — +1.89 L
4 Early 12-95 17.25 4.96 NS NS

NS = No significant effect detected or effect size below reporting threshold. T_max = daily maximum ambient temperature; T_min = daily minimum ambient temperature.
* Baseline represents the predicted milk yield at reference conditions: early-mid lactation (DIM 50-150), moderate concentrate levels (~6 kg/day), and ambient temperatures (~20 °C).
The “Typical increase” indicates additional milk yield when favourable conditions are present (e.g., higher concentrate, optimal temperatures) compared to baseline.

T Derived as early-lactation mean + 1 L attributed to mid-lactation stage effect.
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Additionally, the results indicate that cow characteristics can be used
to predict MY effectively, challenging the conventional assumption that
liveweight, a factor traditionally regarded as key for predicting MY and
feed intake, is indispensable for accurate model training. The perfor-
mance of the models, particularly GBM and XGBoost, in the absence of
liveweight data demonstrates that other cow traits and environmental
variables can offer a reasonably reliable basis for MY prediction. Our
model achieved an R? of 0.61 and RMSE of 3.47 L/cow-day~! on the
test set, which is comparable to models reported in similar studies.
While the inclusion of liveweight data might improve the predictive
process, the models appear to function adequately without it (Berry
etal.,, 2007). This is a practical consideration and especially noteworthy,
given that liveweight data can be difficult to obtain consistently on
many conventional farms, particularly in pasture-based systems
where cows are not routinely handled. The logistical burden and cost
of frequent liveweight measurements make our approach more feasible
for real-world implementation. Ultimately, these findings suggest that
although access to liveweight data could enhance MY forecasts, the
broader applicability of data-driven approaches in dairy management
for the future remains feasible with access to larger datasets even
when relying on fewer, yet strategically important, variables such as
DIM (42.4% relative importance) and concentrate intake (37.1%),
which together capture the physiological trajectory and nutritional
state of each cow and can adequately represent liveweight as proxy var-
iables in data-rich commercial datasets.

3.5. Evolutionary algorithms for supplement optimisation

The genetic algorithm used for sample selection resulted in a dataset
comprising 4950 records over the 30-day window. After 50 generations,
the best solution identified by the GA was a 30-day window from 30 Au-
gust to 28 September 2023. This period maximised the number of
unique cows within the desired DIM ranges and ensured a substantial
number of cows were present on all days. Out of the whole herd, 165
cows were consistently present throughout this period and were se-
lected as a good sample for the optimisation of grain-based concentrate
allocation satisfying the stipulated constraints (Fig. 6). The statistical
summary of the sampled data is shown in Table 2, which details key
production factors including average MY, concentrate intake, and envi-
ronmental variables. This summary highlights the representativeness
and distribution of the sample obtained from the GA to aid accurate

40 Lactation Stage
B Early
35 T @ Mid
,§ O Late
Z 30
]
3
g »
5
& 20
b
2 s —
g —
Z
10 —
5 . .
Early Mid Late

Stage of Lactation (SOL)

Fig. 6. Distribution of unique cows across Days in Milk (DIM) Range (60-270 Days) in the
sampled data for the optimisation process. The box plots illustrate the distribution of
unique cows (n = 165) by their stage of lactation within the range of 60 to 270 DIM,
based on sampled data selected for the optimisation process. The data represents the op-
timal 30-day window identified from 30 August 2023 to 28 September 2023, derived
using a genetic algorithm optimisation.
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Table 2

Statistical summary of the sampled data used for optimisation analysis in this study.
Variables Min Max Mean Median Std. IQR
Days in Milk (days) 60 270 149.18 144 52.77 76
Concentrate intake 387 1374 8.86 9.71 197 32
(kg/cow/day)
Milk Yield (L/cow/day) 409 3198 2026 2043 474 648
Average MY for previous 882 3045 2046 20.51 385 5.67
7 days (L/cow)
Milk Yield per Concentrate 0.5 8.17 242 2.21 0.9 0.79
(L/kg/cow/day)
Vapour pressure (kPa) 5.4 16.9 1051 109 267 42
Minimum temperature (°C) —-1.9 16.9 5.77 53 415 6.3
Maximum temperature (°C) 17.5 36 2385 2225 502 6
Minimum relative humidity 37.9 100 91.27 100 1826 0
(%)
Maximum relative humidity 13.1 75.5 36.77 345 12.69 18.2

(%)

modelling and analysis for concentrate optimisation among the cows
selected.

The table provides a statistical summary of the key variables, cover-
ing cow characteristics and related environmental variables, for the 165
cows selected by the GA for the optimisation process. The metrics
shown include minimum (Min), maximum (Max), mean, median, stan-
dard deviation (Std.), and interquartile range (IQR).

To ensure statistical robustness of algorithm comparisons, each evo-
lutionary algorithm was executed 10 times using different random
seeds (3,7,15,22,28,31, 38,41, 46,49) (Fig. 7). Shapiro-Wilk normality
tests confirmed that milk yield increase distributions were normal for
all algorithms (p > 0.05), enabling parametric statistical analysis. One-
way ANOVA revealed statistically significant differences among the
four algorithms (F = 303.24, p < 0.001). Tukey HSD post-hoc pairwise
comparisons demonstrated that all algorithms differed significantly
from each other in milk yield improvement (all p < 0.001). NSGA-II
achieved the highest mean milk yield increase of 8.64 4+ 0.10% (range:
8.43-8.75%), significantly outperforming SPEA-II (7.94 + 0.13%, range:
7.73-8.13%), RVEA (7.41 4 0.10%, range: 7.26-7.56%), and SMS-EMOA
(6.63 £ 0.24%, range: 6.31-7.13%) (Fig. 7). The low standard deviations
indicate consistent performance across runs. For computational effi-
ciency, optimisation time distributions were non-normal (Shapiro-
Wilk test, p < 0.05 for SPEA-II and RVEA), necessitating Kruskal-Wallis
non-parametric testing. Results showed NSGA-II was significantly faster
(74.9 £ 0.7 s per day) compared to SPEA-II (199.5 4+ 51.0 s/day, p =
0.001), RVEA (205.8 + 14.7 s/day, p = 0.022), and SMS-EMOA
(220.7 + 8.1 s/day, p < 0.001). No significant differences in computa-
tion time existed among SPEA-II, RVEA, and SMS-EMOA (all p > 0.05).
Complete statistical results including descriptive statistics, normality
tests, and post-hoc comparisons are provided in Supplementary
Table S3.

The baseline feeding regime implemented through the Delpro man-
agement system represents a traditional response-based feeding ap-
proach commonly used in commercial dairy operations (Dale et al.,
2016; Henriksen et al., 2019). By comparing our evolutionary algorithm
optimisation against this established system, we provide a fair bench-
mark of improvement over current industry practices. The 6.6-8.8% in-
crease in MY achieved by our approach demonstrates potential gains in
feed conversion efficiency compared to conventional decision support
systems.

The results are consistent with the literature on multi-objective op-
timisation in dairy systems, particularly with regard to the SPEA II algo-
rithm. Notte et al. (2021) similarly found that although SPEA Il provided
high-quality feed resource allocation results; it was computationally in-
efficient for large-scale applications. In contrast; the integration of pre-
trained machine learning models with evolutionary algorithms in this
study led to notable improvements in computational performance.
Among the four algorithms tested; NSGA-II demonstrated the best
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Fig. 7. Milk yield comparison and optimisation across evolutionary algorithms over a 30-day period for 165 cows.

Fig. 7 presents a comparison of the actual and predicted milk yield for the four evolutionary algorithms used in the optimisation process: Non-dominated Sorting Genetic Algorithm II
(NSGA 1), Reference Vector Guided Evolutionary Algorithm (RVEA), S-Metric Selection Evolutionary Multi-Objective Algorithm (SMS-EMOA), and Strength Pareto Evolutionary Algorithm
11 (SPEA II). The actual milk yield is plotted in teal, while the predicted milk yield is shown for each algorithm in distinct colours—orange for NSGA II, olive-green for RVEA, blue for SMS-
EMOA, and purple for SPEA II. The area charts depict the trend of both actual and predicted milk yields over time, with the area under the curves providing a visual representation of the
yield variations. This figure illustrates the effectiveness of each algorithm in predicting milk yield, enabling a direct comparison of their performance and optimisation results. Results
shown are from one representative run (random seed = 3) out of 10 independent runs performed for statistical validation (see Fig. 7 and Supplementary Table S3 for complete statistical
analysis across all runs). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

balance of prediction accuracy and computational efficiency; while
SPEA-II also showed substantial improvements over traditional optimi-
sation approaches (Fig. 8); addressing the computational limitations
highlighted in previous research. This approach accelerated the optimi-
sation process while maintaining the accuracy of MY predictions;
thereby optimising the trade-off between speed; performance and the
accuracy of MY predictions. Such an advancement represents a signifi-
cant step in overcoming the challenges associated with slower optimi-
sation times; as highlighted in previous research; such as that by
Notte et al. (2021) who noted the inefficiency of SPEA II for large-scale
dairy system applications.

Furthermore, this integration of machine learning into the evolu-
tionary optimisation framework in this study provides a promising di-
rection for future research in dairy farm optimisation. The
combination of evolutionary algorithms and machine learning, as seen
in the work of (Das et al., 2023); suggests that adaptive and self-
learning techniques can improve performance in complex dairy feed
optimisation problems. Our findings support this approach; highlight-
ing the scalability and adaptability of such methods for dairy systems.
As Das et al. (2023) demonstrated with their SMP-JaQA algorithm,
optimising feed with a balance between computational efficiency and
accuracy remains a core challenge. Our integration of machine learning
reflects this trend, enhancing the overall robustness and efficiency of
the optimisation process.
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In comparison to Campos et al. (2023); they demonstrated that algo-
rithms tailored to the individual characteristics of cows; such as
optimising feeding for each cow; result in better milk production out-
comes. This aligns with our approach; where individual cow character-
istics were considered to optimise concentrate allocation and;
consequently; MY. The success of their approach in optimising individ-
ual cow diets further supports the importance of personalised strategies
in maximising MY; particularly when considering the variability of cow
responses to feeding strategies. Souza et al. (2022) reported similar
findings, emphasising the necessity of personalised feeding recommen-
dations to improve feed efficiency and overall milk production. This re-
inforces the notion that algorithms accounting for individual cow data
can optimise feeding and increase MY.

Overall, this study successfully integrated machine learning models
with evolutionary algorithms to optimise grain-based concentrate allo-
cation by incorporating individual cow data, feeding patterns, and envi-
ronmental factors. Additionally, data-driven approaches combining ML
with evolutionary optimisation can effectively address major dairy
farming challenges, ultimately enhancing MY and feed use efficiency.
While formal economic analysis is beyond the scope of this study, the
6.6-8.6%, increase in MY without additional concentrate expenditure
suggests potential for improved farm profitability, though actual eco-
nomic benefits would depend on factors such as milk prices, feed
costs, and implementation expenses. The analysis confirmed that ML
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Fig. 8. Daily optimisation performance metrics comparison across evolutionary algorithms.
The boxplots display the distribution of daily performance metrics across 10 independent runs (different random seeds) for each algorithm, with each boxplot representing approximately
300 daily observations (10 runs x 30 days per algorithm). The six panels show: (a) total actual concentrate allocated per day (kg/day), (b) total optimal concentrate per day (kg/day),
(c) total actual milk yield per day (L/day), (d) total predicted milk yield per day (L/day), (e) percentage increase in milk yield per day (%), and (f) optimisation time per day (seconds).
The boxplots show the median (central line), interquartile range (box), and whiskers extending to 1.5x the interquartile range. Results demonstrate consistent daily performance within
algorithms and significant differences between algorithms across the 30-day optimisation period, as confirmed by statistical analysis (see Supplementary Table S3).

can reliably predict MY from cow characteristics, even without tradi-
tionally essential data such as liveweight, while the embedded evolu-
tionary optimisation techniques effectively adjust concentrate levels.
The model performed comparably to our earlier flat-rate feeding
study, and its deployment on commercial farms with computerised
bail feeders proved feasible despite pronounced day-to-day variability
in concentrate offered per cow. Although computational efficiency re-
mains an area for improvement, the inherent variability in concentrate
consumption has, in fact, provided the model with a richer dataset
from which to learn, enhancing its ability to prescribe optimal feeding
levels. In the flat-rate study the narrow spread in concentrate intake re-
stricted the scope for exploring alternative feeding-response combina-
tions, and the optimisation routine implemented with SciPy was
computationally expensive and slow to reach a solution.

In this present work, linear programming approaches has been re-
placed with evolutionary algorithms, which explores the search space
more thoroughly, converges faster, and ultimately yields more effective
feeding recommendations. The addition of environmental variables
such as daily maximum and minimum temperature, together with a
broader range of cow characteristics including breed, has further im-
proved model robustness and its capacity to capture the factors that
drive feed efficiency and MY. This outcome suggests that while incorpo-
rating additional variables like liveweight and health related informa-
tion could further refine the process, the current approach is robust
enough to deliver reliable predictions with a strategically selected set
of input variables.

A key limitation of this study is the absence of individual forage in-
take and pasture nutritional value data in the predictive model. In
pasture-based systems, individual cow forage intake cannot be mea-
sured without specialised equipment, limiting our ability to account
for the full nutritional profile affecting MY. While our model achieved
reliable predictions using concentrate intake and other readily available
variables, future research should continue to refine these techniques by
incorporating forage quality metrics (e.g., periodic pasture sampling), a
broader range of cow characteristics (such as liveweight and health-
related information), and environmental data. Additionally, validating
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the framework across multiple farms with varying forage types, nutri-
tional compositions, and management systems would strengthen
generalisability and further enhance the scalability and applicability of
such optimisation models in real-world dairy systems.

Whilst the GA identified an optimal 30-day window based on cow
representation and DIM balance, we acknowledge that results may ex-
hibit some sensitivity to the specific window selected. Factors such as
seasonal pasture quality, environmental conditions, and herd DIM dis-
tribution could influence outcomes across different periods. Algorithm
rankings are likely to remain consistent across windows, as they reflect
inherent algorithmic characteristics rather than seasonal factors. How-
ever, the absolute magnitude of milk yield improvements could vary
with baseline herd productivity and pasture availability. Future research
should validate this approach across multiple seasonal windows and
farm systems to confirm the consistency of algorithm performance
and characterise the range of potential improvements.

4. Conclusion

This study presents a significant advancement in optimising grain-
based concentrate allocation for maximising MY in pasture-based
dairy cows. It integrates multi-objective evolutionary algorithms, tai-
lored to computerised individual-feeding systems, with ML models. Un-
like earlier work that relied on flat-rate regimes and single,
computationally heavy optimisation models our approach balances
computational efficiency with performance improvements in commer-
cial farms with individualised feeding capacities. It also differentiates it-
self by systematically comparing several evolutionary frameworks on
data collected in a live farm environment, something absent from earlier
flat-rate feed optimisation studies. Our findings indicate that, while
there are inevitable trade-offs between optimisation time and MY im-
provements, coupling the machine learning trained model with evolu-
tionary algorithms effectively tailored concentrate levels to individual
cow. Predictions from the MY model act as the objective function for
the optimiser, ensuring that concentrate is allocated, thereby
maximising daily MY and contributing to farm profitability.
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The results show that GBM was the best predictive model,
explaining up to 61% of the variability in MY with an RMSE of 3.47 L/
cow.day ™. This model developed using cow-level data together with
environmental variables, effectively predicts MY, highlighting the im-
portance of machine learning techniques in dairy farming. The study
evaluated four multi-objective evolutionary algorithms (NSGA II,
RVEA, SMS-EMOA, SPEA II), which boosted MY between 6.63 + 0.24%
and 8.64 4 0.10%, with all algorithms showing statistically significant
differences (ANOVA, F = 303.24, p < 0.001). Among these, NSGA-II
demonstrated the best overall performance, achieving both the highest
milk yield increase (8.64 4 0.10%) and the fastest computational speed
(74.9 £ 0.7 s/day), while SPEA-II offered a balance between perfor-
mance (7.94 4+ 0.13% increase) and moderate computational require-
ments, providing practical advantages for on-farm decision-making.

Recent studies increasingly emphasise that supplement allocation
work best when they are customised to each cow, even within herd-
level management systems. Our findings reinforce this view: accounting
for cow-specific traits and on-farm environmental conditions has
shown that it improves the precision of feed recommendations. By inte-
grating those individual-level data into the optimisation framework, we
demonstrate tangible gains in both the scalability and accuracy of model
outputs on commercial dairy farms. In addition, the computational re-
finements applied to the SPEA-II algorithm illustrate how targeted algo-
rithmic adjustments and upgrades can further streamline future feed-
optimisation research in dairy systems.

In summary, the approach outlined in our study offers a promising
direction for optimising dairy feed, maximising milk yield and boosting
profitability by leveraging individual cow variability and environmental
factors. However, further work is required to validate these models
under real farm environments, incorporating additional variables such
as pasture utilisation and monitoring cow behaviour in response to con-
centrate prescriptions. These insights would refine the optimisation
process and advance the development of more sustainable, efficient
dairy systems.
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CHAPTER 5

Data augmentation and interpolation improves
machine learning-based pasture biomass estimation

from sentinel-2 imagery

Chapters 3 and 4 showed that milk yield can be improved by optimising how concentrate is allocated
to individual cows, but concentrate is only part of the diet. The cheapest feed source on any pasture-
based dairy farm is the pasture itself, and it remains the most difficult to monitor. Pasture is typically
three to five times cheaper than grain-based concentrate when managed correctly, yet profitable
pasture management depends entirely on knowing how much is available at any given time. Satellite
remote sensing offers a promising pathway for scalable, continuous pasture biomass monitoring
across large farm areas, yet frequent cloud cover renders it unreliable for continuous assessment, and
manual rising plate meter measurements are impractical at the scale required for daily farm
management decisions. To overcome these limitations, we integrate Sentinel-2 imagery, ground truth
measurements and weather data with interpolation methods to generate essential temporal data
continuity. This approach significantly enhanced predictive accuracy for pasture biomass estimation,
filling critical data gaps and establishing a vital tool that unlocks the economic potential of this
primary feed resource. All data preprocessing and modelling implementations are available in two
Jupyter notebooks in the project repository (data_cleaning.ipynb and modelling_visualisations.ipynb)

with key code excerpts are presented in Appendix C.

Remote Sensing (2025) 17(23), 3787

PUBLISHED MANUSCRIPT

The published version of this manuscript is included on the following page.


https://github.com/Stansfash/thesis-python_codes/blob/main/chapter-5-sentinel-biomass-prediction/Chapter_5_data_cleaning.ipynb
https://github.com/Stansfash/thesis-python_codes/blob/main/chapter-5-sentinel-biomass-prediction/Chapter_5_modelling_visualisations.ipynb
https://doi.org/10.3390/rs17233787

‘1 remote sensing

Article

Data Augmentation and Interpolation Improves Machine
Learning-Based Pasture Biomass Estimation from
Sentinel-2 Imagery

Blessing N. Azubuike 1'2*, Anna Chlingaryan >3, Martin Correa-Luna 12, Cameron E. F. Clark >4

and Sergio C. Garcia 12

check for

updates
Academic Editors: Christoph Jorges
and Aaron Moody

Received: 13 October 2025
Revised: 11 November 2025
Accepted: 13 November 2025
Published: 21 November 2025

Citation: Azubuike, B.N.;
Chlingaryan, A.; Correa-Luna, M.;
Clark, C.E.F,; Garcia, S.C. Data
Augmentation and Interpolation
Improves Machine Learning-Based
Pasture Biomass Estimation from
Sentinel-2 Imagery. Remote Sens. 2025,
17,3787. https://doi.org/10.3390/
1517233787

Copyright: © 2025 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

Dairy Science Group, School of Life and Environmental Sciences, Faculty of Science, The University of Sydney,
Camden, NSW 2570, Australia

Dairy UP Program, Camden, NSW 2570, Australia; sergio.garcia@sydney.edu.au (5.C.G.)

Livestock Production and Welfare Group, School of Life and Environmental Sciences, The University of
Sydney, Camden, NSW 2570, Australia

Gulbali Institute, Charles Sturt University, Wagga Wagga, NSW 2650, Australia; camclark@csu.edu.au

*  Correspondence: blessing.azubuike@sydney.edu.au

Highlights

What are the main findings?

e  Full-band Sentinel-2 reflectance combined with weather variables substantially im-
proved pasture biomass prediction accuracy, outperforming vegetation indices and
achieving up to 70% variance explained after interpolation.

e  Multiquadric interpolation and progressive temporal training strengthened temporal
consistency in the data, reducing prediction errors by approximately 30% relative to
sparsely sampled baselines.

What are the implications of the main findings?

e  These findings demonstrate that integrating physically meaningful spectral informa-
tion with biologically constrained data augmentation enhances the reliability and
scalability of satellite-based biomass estimation across farms and seasons.

e  The resulting open-source modelling framework provides a robust foundation for
real-time pasture monitoring and can be readily incorporated into automated decision-
support tools for precision grazing management.

Abstract

Accurate pasture biomass (PB) estimation is critical for tactical grazing management, yet
traditional satellite-derived vegetation indices such as Normalised Difference Vegetation
Index (NDVI) saturate when canopy density exceeds about 3 t DM ha~!. This limits pre-
dictive accuracy because the spectral signal plateaus under dense vegetation, masking
further biomass increases. To address this limitation, this study integrated multiple data
sources to improve PB estimation in dairy systems. The dataset combined Sentinel-2 spec-
tral bands, rising plate-meter (RPM) PB measurements, daily weather data, and paddock
management features. A total of 3161 paired RPM-satellite observations were collected
from 80 paddocks across 16 New South Wales dairy farms between November 2021 and
July 2024. Eight regression algorithms and four predictor configurations were evaluated
using robust cross-validation, including an 80:20 farm/paddock-stratified train—test-set
split. The XGBoost model using full-band reflectance and concurrent weather data achieved
strong baseline performance (R? = 0.63; MAE = 243 kg DM ha~!) on non-interpolated data,
outperforming NDVI-based models. To address temporal gaps between field readings and
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satellite imagery, Multiquadric interpolation was applied to RPM data, adding roughly
30% new observations. This enhanced dataset improved test performance to R? = 0.70 and
MAE =216 kg DM ha—1, with gains maintained on external validations (R2 =0.41/0.48;
MAE = 267/235 kg DM ha1!). A progressive training strategy, which refreshed model
parameters with seasonally aligned data, further reduced errors by 30% compared to static
models and sustained performance even when farms or seasons were excluded. This
fortified Sentinel-2 modelling workflow, combining RPM interpolation and progressive
calibration, achieved accuracy comparable to the commercial Pasture.io platform (R* = 0.66;
MAE = 240 kg DM ha~!) which uses satellite imagery with higher temporal and spa-
tial resolution, demonstrating potential for automated recalibration and near real-time,
paddock-level decision support in pasture-based dairy systems.

Keywords: dairy systems; data augmentation; data interpolation; machine learning;
pasture biomass estimation; remote sensing; Sentinel-2

1. Introduction

Reliable estimation of above-ground pasture biomass or pasture biomass (PB) is essen-
tial for effective farm management, feed budgeting, and decision-making in pasture-based
dairy systems. As global demand for agricultural efficiency grows, accurate and scalable
PB monitoring tools become increasingly important. Pasture biomass estimation supports
livestock system productivity, maintains environmental sustainability through optimised
resource use, and improves economic viability across diverse farming operations [1]. How-
ever, conventional data collection methods like rising plate meters (RPM), a tool that relates
compressed height of PB with the amount of biomass present, provide relatively high-
quality data but are labour intensive, time consuming and impractical for daily monitoring,
and this could create operational bottlenecks for farmers seeking to balance productivity
with operational sustainability [2,3].

In contrast, satellite remote sensing provides broad scale, repeatable and compara-
tively low cost coverage of vegetation condition [1,4]. Yet, its most widely used proxy,
the Normalised Difference Vegetation Index (NDVI), saturates under dense canopies, re-
ducing sensitivity to PB and flattening response curves, which compromises predictive
accuracy [5,6]. Alternative indices, including the Enhanced Vegetation Index (EVI), Soil-
Adjusted Vegetation Index (SAVI) and Normalised Difference Red-Edge Index (NDRE),
are derived from different combinations of spectral bands and offer only marginal im-
provements, unable to accurately predict PB on their own [7,8]. Because PB variability is
driven by multiple factors such as soil moisture, paddock management, short-term weather
extremes and region-specific sward composition, indices alone cannot explain PB variation;
these additional drivers must be represented explicitly in modelling frameworks [9,10].

Sentinel-2 provides free, high-temporal and high-spatial resolution multispectral
imagery that supports large-scale, frequent PB measurements, making it a cost-effective
alternative relative to other options like UAV-mounted sensors, field spectrometers, and
ground-based cameras [10-13]. Its diverse spectral bands allow researchers to monitor
vegetation health and growth consistently and affordably [14,15].

However, satellite-based data utilisation has its inherent limitations [16]. Cloud cover,
atmospheric interference and inclement weather conditions can produce unreliable satellite-
derived products or no data at all, limiting PB estimates for decision-making using this
approach and reducing reliable insights on pasture management and utilisation [4,8]. On
days when satellite data are completely unavailable, for example on cloudy or snowy
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days, ground-based RPM measurements are usually employed to compensate for missing
satellite data to maintain consistent flow of data [9,10,17,18].

Integrating diverse data sources offers a potential solution to these challenges. Recent
research shows that combining raw satellite imagery with ground-truth measurements,
weather variables and paddock-specific information, can significantly enhance PB predic-
tion accuracy [10,18]. Machine learning (ML) algorithms such as Random Forests (RF),
Support Vector Machines (SVM) and Artificial Neural Networks (ANN) have been used in
these integrations and outperform traditional regression methods and linear programming
by providing better insights, identifying nonlinear relationships between driving factors
affecting pasture growth and managing high-dimensional data, and adapting to temporal
and spatial variability, thereby offering a more comprehensive understanding of pasture
utilisation and management [19-22].

As an alternative or complement to ML approaches, physiological growth models
provide mechanistic insights into pasture dynamics by simulating processes such as photo-
synthesis, respiration, and nutrient uptake based on environmental drivers. Models such as
DairyMod, APSIM-Pasture, and ModVege have been successfully applied to predict pasture
growth in temperate grazing systems, offering interpretable predictions grounded in plant
ecophysiology [23-26]. While these process-based models excel at capturing temporal
growth patterns under varying environmental conditions, they typically require exten-
sive parameterisation and may lack the flexibility to incorporate high-dimensional remote
sensing data directly [27]. Hybrid approaches that combine the mechanistic foundation of
physiological models with the pattern-recognition capabilities of ML algorithms represent
a promising research direction, potentially leveraging the strengths of both methodologies
to improve predictive accuracy and model interpretability [28,29].

However, significant research gaps persist, particularly regarding temporal and spatial
misalignments between satellite data and ground measurements, which create inconsisten-
cies as satellite observations often do not coincide with the timing or location of ground
data collection. Furthermore, missing data due to cloud cover or other environmental
obstructions disrupts the continuity of satellite-derived datasets [4,30]. Addressing these
issues requires sophisticated data manipulation strategies such as interpolation techniques
to fill gaps, synthetic data generation to expand datasets and progressive training to capture
temporal patterns across different scenarios [31]. The generalisability of models across
regions and farming systems is also a concern as a model trained on data from one area
or region may perform well within that context, however, its applicability to other areas
or locations with different weather, soil, and management conditions is not guaranteed.
Therefore, evaluating reliability and flexibility using external validation datasets is essential
to ensure that the predictive framework is not overly tailored to a specific environment but
remains versatile enough for broader adoption.

Building on these challenges highlighted, this research poses several key questions
to address the limitations of current pasture estimation methods. First, how can the
integration of raw satellite imagery, RPM measurements, weather data, and paddock-
specific characteristics significantly enhance PB prediction accuracy, especially overcoming
the known saturation issues of conventional derived vegetation indices like NDVI? Second,
how effectively can the integration of diverse data sources address the challenges of missing
or unreliable satellite readings caused by cloud cover, thereby ensuring data continuity for
robust model performance? Third, can advanced ML models effectively compensate for
temporal and spatial mismatches, ensuring their validity and reliability when applied to
external datasets across varied weather, soil, and management contexts, thereby offering a
robust and generalisable solution beyond existing site-specific approaches?
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To address these questions, the objectives of this study are threefold. First, to develop
an integrated ML framework that leverages raw Sentinel-2 reflectance, RPM-derived PB,
weather, and paddock management characteristics to accurately estimate PB. Second, to
evaluate the reliability and transferability of the framework across diverse temporal and
spatial conditions, including unseen farms and seasons, by leveraging data augmenta-
tion and progressive training strategies. Third, to benchmark the developed framework
against a commercial platform, demonstrating its practical application as a transparent,
cost-effective and scalable solution for sustainable near real-time, farm-specific pasture
utilisation and management in dairy systems.

2. Materials and Methods
2.1. Study Area and Data Sources

This study was conducted across 16 commercial dairy farms located in three coastal
districts of New South Wales (NSW), Australia, between November 2021 and July 2024
(Figure 1). The farms were distributed across the mid-coast district (n = 7 farms, lati-
tude range: —34.03° to —31.72°S, longitude range: 150.65° to 152.68°E), the south coast
(n =5 farms, latitude range: —36.82° to —36.64°S, longitude range: 149.60° to 149.90°E),
and the north coast (n = 4 farms, latitude range: —28.90° to —28.68°S, longitude range:
152.91° to 153.13°E), with specific farm coordinates withheld to maintain commercial confi-
dentiality. These farms collectively managed 2436 hectares of grazing land, with herd sizes
varying from 105 to 580 milking cows, and individual farms containing between 22 and
83 paddocks, with utilisable grazing areas ranging from 64.5 ha to 313 ha. The study re-
gions presented diverse weather conditions, with long-term mean annual rainfall averaging
approximately 780 mm in the south coast, 1284 mm in the mid-coast, and 1073 mm in the
north coast. Average daily air temperatures ranged from approximately 5 to 20 °C in winter
and 20 to 35 °C in summer. All farms had pastures based on kikuyu (Cenchrus clandestinus,
previous Pennisetum clandestinum), which produces biomass from late spring (November)
through summer and autumn, oversown every year (March to April) with annual ryegrass
(Lolium multiflorum L.), which produces biomass during autumn, winter, and early spring.

Remote sensing data was acquired from Copernicus Sentinel-2 surface reflectance
imagery, which offers 10 m spatial resolution and a nominal five-day revisit cycle for each
paddock in each farm during clear-sky passes. The spectral bands retained for analysis
included blue, green, red, near-infrared, red-edge 1 to 3, and short-wave infrared 2 and 3.
Standard vegetation indices such as NDVI, EVI, SAVI, and NDRE were also calculated per
pixel. To ensure data quality, pixels were masked using the Function of mask (Fmask) layer,
classifying them as valid, water, cloud, shadow, or snow.

Ground-truth PB measurements were conducted using an RPM. A Jenquip EC20 Elec-
tronic Pasture Meter (Feilding, New Zealand) was specifically utilised to obtain Compressed
Sward Height (CSH) readings. Five primary paddocks on each farm were selected for
continuous monitoring over the two-year study period (November 2021 to July 2024),
along with one additional reserve paddock (the sixth paddock) which served as a spatially
independent validation site. The selection of these five primary paddocks was based on the
following criteria: (i) representativeness of the predominant pasture species composition
on each farm (kikuyu oversown with annual ryegrass), (ii) accessibility for consistent fort-
nightly /weekly sampling throughout the study period, (iii) diversity in paddock size and
topographic characteristics to capture farm-level variability, and (iv) active incorporation
in the farm’s regular grazing rotation to ensure realistic management conditions. The sixth
paddock was intentionally withheld from model training to provide an independent spatial
validation dataset, representing genuine out-of-sample conditions for assessing model
generalisation to unseen paddock locations within the same farm.
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Figure 1. Geographic distribution of study farms across coastal districts of New South Wales,
Australia used in the study. This illustrates the spatial distribution of the 16 commercial dairy farms
included in this study, located across three coastal districts of New South Wales (NSW), Australia.
Farms were grouped into the mid-coast (1 = 7), south coast (1 = 5), and north coast (n = 4) regions,
as defined in Section 2.1. Marker positions represent jittered farm centroids derived from paddock-
level coordinates, with a small random displacement applied to protect commercial confidentiality.
Regional shading represents the general geographic coverage of each study district. An inset map of
Australia highlights the location of NSW relative to the broader states.

RPM calibration was an integral part of the data collection, performed monthly on
two designated fixed paddocks per farm [10]. The calibration process involved collecting
nine 0.1 m? quadrat cuts at a 5 cm stubble height, stratified across the paddock to capture
high, medium, and low biomass zones (three cuts per zone). Samples were dried for
48 hours at 65 °C, weighed, and subsequently regressed against the corresponding CSH
measurements to derive farm-specific and seasonally adjusted conversion equations. This
approach ensured that CSH-to-PB conversions accounted for seasonal changes in pasture
density and species composition. The monthly calibration frequency was designed to
capture phenological changes in sward structure that could affect the CSH-PB relationship,
particularly during transitions between kikuyu and ryegrass dominance. This process
allowed for the accurate conversion of CSH readings into PB, expressed as kilograms
of Dry Matter per hectare (kg DM ha~!). For each paddock, a minimum of 70 plate
measurements were recorded and then converted to PB in kg DM ha=![10,18]. The spatial
distribution of measurements within each paddock ensured that areas with varying slope,
drainage, and proximity to high-traffic zones (gates, water points, shade structures) were
adequately represented, thereby minimising bias from localised management effects or
microtopographic variation.

Additionally, environmental data consisting of daily weather variables for each farm were
obtained from the SILO Long Paddock platform (https://www.longpaddock.qld.gov.au).
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Variables used were maximum air temperature (°C), minimum air temperature (°C), rainfall
(mm), vapour pressure (kPa), maximum and minimum relative humidity (%), incoming
solar radiation (MJ m~2) and evapotranspiration (mm). These observations were obtained
to provide essential information regarding weather influences on PB.

2.2. Data Preprocessing

Sentinel-2 images were corrected to surface reflectance, resampled to a common 10 m
grid and clipped to paddock boundaries obtained from the georeferenced GIS dataset
for each farm. The pixel-quality layer Fmask [32] classified each pixel as valid, water,
cloud, shadow or snow, and only pixels flagged valid were retained for analysis. For every
monitored paddock on the day an image was taken, the mean reflectance of blue, green,
red, near-infrared, red-edge 1-3 and short-wave-infrared 2-3 was calculated, and vegeta-
tion indices NDVI, EVI, SAVI and NDRE were derived. Spectral outliers falling outside
1.5 interquartile ranges from the first or third quartile were removed before averaging.

Rising plate-meter records were filtered to keep PB between 1000 kg DM ha~! and
4000 kg DM ha~!. Approximately 70 individual RPM readings collected within each
paddock on a monitoring day were averaged to one PB value per paddock. Within each
farm-paddock-date group, categorical fields such as paddock name were reduced to their
modal value and numeric fields were averaged. Daily SILO weather data were con-
verted to numeric, checked for implausible entries and merged directly by each farm and
calendar date.

Date stamps in every dataset were converted to datetime and expanded to ISO week
number, calendar year and austral seasons, where Spring includes September to November,
Summer (December to February), Autumn (March to May) and Winter (June to August).
Satellite data, daily weather observations and PB estimates were merged on farm code,
paddock code and date. When Sentinel and plate-meter observations were not recorded
on the same day, PB rows were retained only if a Sentinel acquisition occurred within
+3days. Rows with missing predictor values were removed on a complete-case basis, and
continuous variables were centred and scaled to unit variance for subsequent modelling,
yielding a curated dataset of 3161 records from 80 paddocks across the 16 farms.

2.3. Interpolation Methods for Data Augmentation

Following the merging of the RPM measurements, collected weekly in year 1 and
fortnightly in year 2, with Sentinel-2 passes that recur on an approximately five-day revisit
cycle, small temporal gaps remained in PB because satellite imagery does not provide
a direct PB measurement from the bands. To expand the dataset, these gaps were filled
within each paddock in each farm using stochastic interpolation routines implemented in
Python (v3.11.4).

Four interpolation techniques were assessed to augment PB observations for the
merged dataset (RPM and Sentinel). The set comprised a second order polynomial in
time as the baseline curve, a Gaussian radial basis function, a multiquadric radial basis
function [33,34] and a minimum curvature exact spline. Radial basis surfaces offered flexi-
ble data-driven alternatives that perform well for smooth, yet non-linear environmental
series [35-37] and the minimum curvature spline minimises the surface Laplacian, a prop-
erty valued in geophysical analysis [38]. All four algorithms were executed independently
three times for each paddock in each farm: once on year 1 data only (dates earlier than
1 April 2023), once on year 2 data only (dates on or after 1 April 2023) and once on the
combined two-year record to exploit longer term temporal structure where available.

Interpolation was performed only when at least three actual PB observations were
available for a paddock and was strictly confined to the temporal span defined by those
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observations, thereby preventing any extrapolation. Analysis of observation intervals
revealed that time gaps between consecutive pasture meter measurements in the final
dataset ranged from 7 to 14 days (median = 7 days, mean = 8.4 days). The majority of
intervals (84.9%) were <14 days, with 94.3% <30 days and only 1.6% exceeding 60 days.
The multiquadric radial basis function employed is appropriate for capturing smooth
temporal trajectories across such intervals, as pasture growth follows gradual, predictable
patterns between discrete grazing events rather than exhibiting abrupt discontinuities. For
the small proportion of longer intervals (>60 days), interpolation remained constrained to
the temporal span of observed measurements, with no extrapolation beyond the empirical
record. All time stamps were converted to Unix epoch seconds to provide a uniform,
monotonic reference axis for curve fitting. Prior to modelling, any PB measurement falling
outside the biologically credible interval of 1000 to 4000 kg DM ha~! was discarded.
After the gap-filling procedure each record was annotated to indicate whether Sentinel-2
reflectance originated from a nearest-date substitution and whether the corresponding
PB simulated was replaced by an interpolated value, enabling downstream analyses to
distinguish directly measured data from synthetically generated values. Rows with null
values after processing were discarded. The combination of biological filtering, nearest-date
filling and advanced interpolation produced a comprehensive temporal gap-free dataset
containing 9816 daily records from 80 paddocks across the 16 farms.

2.4. Predictive Modelling for Pasture Biomass
2.4.1. Model Training and Optimisation

Univariate analysis was employed to quantify linear relationships between each
predictor and the response variable PB (kg DM ha~!) using a Pearson correlation matrix
visualised as a heat map. Numerical predictors comprised daily maximum temperature
(°C), daily minimum temperature (°C), evapotranspiration (mm d~!), incoming solar
radiation (M] m~2 d '), vapour pressure (kPa), rainfall (mm d~!), maximum and minimum
relative humidity (%), ten (10) Sentinel-2 spectral bands (blue, green, red, near infra-red,
red edge 1 to 3, short-wave infra-red 2 and 3) and four derived vegetation indices (NDVI,
SAVI, EVI, NDRE). While standard greenness indices (NDVI, EVI, SAVI, NDRE) were
calculated, SWIR-based indices such as the Cellulose Absorption Index (CAI) were not
explicitly derived, as the tree-based ML algorithms were expected to capture relevant SWIR
band information through non-linear feature interactions. Categorical predictors were
season, coastal region and grazing information; these were examined with box plots and
frequency tables. Four feature sets were defined: (i) all bands with indices, (ii) all bands
with weather data and indices, (iii) bands only and (iv) bands with weather data without
indices. These configurations were assessed to determine which combination of variables
most effectively models PB and to quantify the contribution of weather and vegetation
indices to its variability. Predictors showing negligible correlation or high collinearity
were removed.

All analyses in this study were carried out in Python (v3.11.4). Categorical variables
were one-hot encoded and numerical features were centred and scaled with StandardScaler.
Data were split randomly into training and test partitions at an 80:20 ratio, after which
multiple random seeds were evaluated through a five-fold three-repeat Repeated K-Fold
cross-validation loop to stabilise estimates. Eight regression algorithms, linear regression
(LR), least absolute shrinkage and selection operator (LASSO), decision tree (DT), support
vector regression (SVR), k-nearest neighbours (KNN), random forest (RF), gradient boost-
ing machine (GBM) and extreme gradient boosting (XGBoost), were wrapped in scikit-learn
pipelines. Hyper-parameters for every algorithm were declared in a single Python dictio-
nary; tree ensembles varied the number of decision trees (n_estimators) from 50 to 450 and
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maximum depth from 3 to 10, while SVR varied the cost regularisation parameter C from
0.1 to 10 and kernel type. A grid search procedure was employed to systematically test all
hyper-parameter combinations, selecting the configuration that minimised negative mean
absolute error (MAE, kg DM ha’l), and the model with the lowest cross-validated error
was retained.

2.4.2. Progressive Training for Temporal Consistency

To examine how sequential retraining influences model performance while preserving
the chronological order of new observations, a progressive training strategy developed by
Correa-Luna, et al. [10] was adopted. Every record carried calendar year, month, ISO week,
and week of month (WOM), enabling four nested training subsets that represented 25%,
50%, 75% and 100% of each monthly cycle. The subsets were defined as follows: 1 W used
WOM =1;2 W used WOM =1 or 2; 3 W used WOM =1, 2 or 3; and 4 W used WOM =1,
2, 3 or 4. After each increment, the best model was refitted on the enlarged subset and
evaluated on the unchanged test split, with MAE retained as the optimisation metric. The
protocol was run separately on the non-interpolated dataset and on the interpolated dataset
created in Section 2.3, ensuring that temporal consistency was assessed under both raw
and augmented conditions without introducing look-ahead bias. Additionally, to assess
inter-annual generalisation, an additional experiment trained the model onYear1Set (data
collected before 1 April 2023) and evaluated it on Year2Set (data collected on or after
that date), using three dataset variants: the non-interpolated data, a Year 1 multiquadric-
interpolated dataset and a full-period multiquadric-interpolated dataset.

2.4.3. Pasture Biomass Model Validation

For the validation, two independent hold-out samples were excluded from all train-
ing steps, including non-interpolated, interpolated, and progressive training workflows,
and were kept free of any interpolation or gap-filling procedures to represent truly un-
seen data. The first independent validation sample comprised 41 records representing
all available and valid paired RPM PB and Sentinel-2 imagery observations collected
from the five primary monitored paddocks across nine of the study farms between 1 and
30 November 2024. The specific count of 41 records was the outcome of applying the
data-quality filters (i.e., PB values between 1000 and 4000 kg DM ha~!) to all available
measurements during this validation period. For these records, PB measured with RPM
was merged with same-day Sentinel-2 imagery, and cloud-affected scenes were handled by
replacing them with the corresponding weekly mean reflectance. The selection of these nine
farms was based on the availability of complete, high-quality independent data that met
the validation criteria during this specific November 2024 period, ensuring they provided
fresh, untainted observations.

The second independent validation sample consisted of 63 records reflecting all valid
observations gathered specifically from the sixth monitored paddock on each participating
farm for the whole period. This “sixth paddock” was intentionally designated as an
additional, spatially distinct unseen geographic validation set. The 63 records represent the
total number of valid observations obtained after applying the identical merging procedure
and the same 1000-4000 kg DM ha~! PB filtering as the training data, ensuring comparable
data quality while maintaining their independence. The predictive accuracy of the models
on these truly independent datasets was quantified using standard performance metrics:
root mean squared error (RMSE), mean absolute error (MAE), mean squared error (MSE),
and the coefficient of determination (R?). These metrics were calculated separately for each
independent hold-out sample, thereby enabling a robust assessment of the ability of the
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model to generalise to completely unseen, non-interpolated data across different temporal
and spatial contexts.

3. Results
3.1. Dataset Overview and Exploratory Analysis

Descriptive analysis of the final curated non-interpolated paired RPM and Sentinel-2
dataset (3161 observations) resulted in a mean CSH of 80.2 £ 18.1 mm, an average PB
of 2690 + 503 kg DM ha~!, with environmental drivers including daily maximum tem-
perature of 23.7 = 5.3 °C, rainfall averaging 1.7 & 7.3 mm d~!, and a mean NDVI of
0.72 4+ 0.12 (Table 1). Average PB values exhibited marked seasonal and regional variation
across all farms, peaking in summer at approximately 2900 kg DM ha~! and declining to
around 2526 kg DM ha~! in winter, representing a 15% amplitude primarily driven by
radiation and temperature rather than instantaneous rainfall. Mid-coast paddocks averaged
2830 kg DM ha!, the south coast 2644 kg DM ha~!, and the north coast 2582 kg DM ha~1.

Table 1. Descriptive statistics for pasture, weather, and spectral variables (n = 3161) used in the study.

Variables Min. 25% Median Mean 75% Max. SD
Compressed Height (mm) 24.68 68.02 81.81 80.20 94.45 145.00 18.06
Pasture Biomass (kg DM ha~') 1153.33 2352.08 2737.85 2690.20 3087.74 3720.00 503.06
Daily Max. Temperature (°C) 11.00 19.60 23.30 23.73 27.60 43.00 5.26
Daily Min. Temperature (°C) —1.10 6.50 11.10 10.97 15.60 27.10 5.66
Rainfall (mm day ') 0.00 0.00 0.00 1.70 0.30 115.20 7.27
Evapotranspiration (mm day ') 0.00 2.10 3.50 391 5.40 10.80 221
Solar Radiation (MJ m~2 day 1) 2.90 11.40 14.70 16.46 21.40 31.80 6.80
Vapour Pressure (kPa) 5.40 10.80 14.20 15.20 19.10 29.80 5.33
Max. Relative Humidity (%) 19.40 42.40 49.10 50.33 56.80 93.20 11.87
Min. Relative Humidity (%) 43.70 100.00 100.00 96.77 100.00 100.00 8.22
Blue Band Reflectance 204.91 355.06 421.72 446.73 515.01 836.00 124.39
Green Band Reflectance 379.00 654.69 716.94 735.07 804.70 1117.50 114.56
Red Band Reflectance 214.83 406.97 518.76 564.23 675.00 1307.17 205.89
NIR Band Reflectance 1024.00 3248.95 3758.85 3730.16 4247.21 5996.74 780.05
Red-Edge 1 Reflectance 514.90 986.59 1096.48 1130.08 1257.62 1789.98 214.68
Red-Edge 2 Reflectance 999.93 2554.54 2871.03 2875.78 3231.93 4475.48 544.21
Red-Edge 3 Reflectance 965.17 3010.53 3491.91 3485.73 3987.18 5744.56 739.27
SWIR-2 Reflectance 779.00 1888.85 2112.62 2167.65 2420.06 3478.27 442.39
SWIR-3 Reflectance 327.00 880.23 1028.72 1099.93 1266.77 2200.18 314.58
NDVI 0.27 0.66 0.75 0.72 0.82 0.92 0.12
EVI 0.10 0.47 0.59 0.57 0.69 1.01 0.15
SAVI 0.10 0.43 0.52 0.50 0.59 0.75 0.11
NDRE 0.12 0.45 0.54 0.52 0.60 0.74 0.11

Min. = minimum; 25% and 75% = first and third quartiles; Max. = maximum; SD = standard deviation.

Greenness saturation is evident in Figure 2 below. A second-order polynomial regres-
sion of NDVI against PB across the entire dataset revealed a non-linear relationship with
R? = 0.20 (Figure 2a), clearly demonstrating the saturation of NDVI at high biomass levels
where the index plateaus while PB continues to increase, and progressively larger test
splits (80:20, 70:30, 60:40; Figure 2b—d) retain similar slopes and R? values (0.20-0.25). The
fan-shaped residual pattern shows that NDVI plateaus near 0.80 while PB continues to rise
beyond 3000 kg DM ha~!, with NDRE emerging as the sole significant positive coefficient
(+3701 kg DM ha~! unit~!, p < 0.001).
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Figure 2. Combined regression and validation of pasture biomass (PB) estimates. Panel (a) shows the
linear regression (LR) between Normalised Difference Vegetation Index (NDVI) and rising plate-meter
biomass (kg DM hafl) measurements, with a teal regression line, a shaded 95% prediction interval,
and the fitted equation plus R? annotation. Panels (b-d) depict actual versus predicted PB for 80:20,
70:30 and 60:40 train—test splits using LR, respectively; each includes a teal regression line, an orange
dashed 1:1 line, the 95% confidence band around the predicted values, and the corresponding R2.

Inter-variable relationships, visualised in the Pearson-correlation heat map (Figure 3),
partitioned predictors into three main clusters. First, the ten Sentinel-2 bands are highly
auto-correlated (r > 0.70), a redundancy that later justifies dimensional reduction or tree-
based feature selection. Second, the greenness—biomass cluster shows positive correlations
between PB and composite indices, namely NDRE (r = 0.49), EVI (0.45), NDVI (0.44), and
SAVI (0.44), and negative correlations with red and SWIR reflectance (r —0.39), reflecting the
classical red—-NIR contrast and water-absorption effects. Third, the weather cluster revealed
tight coupling among maximum temperature, evapotranspiration, and solar radiation
(r = 0.75), but only weak instantaneous ties to PB (r < 0.18). The five strongest positive and
negative coefficients highlight the immediate value of red-edge indices, with NDRE and
EVI as the most informative single predictors, whereas high-wavelength reflectance exerts
the strongest damping influence.
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Figure 3. Pearson-correlation heatmap of selected biophysical, spectral, and meteorological variables.
Pasture biomass (PB, kg DM ha~1); weather variables include daily maximum temperature (T.Max,
°C), daily minimum temperature (T.Min, °C), evapotranspiration (Evap, mm), incoming solar radi-
ation (Radn, MJ m~2), vapour pressure (VP, kPa), precipitation (Rainfall, mm), maximum relative
humidity (RHmaxT, %), and minimum relative humidity (RHminT, %); spectral bands comprise Blue
(blue band), Green (green band), Red (red band), NIR (near-infrared band), RedEdgel, RedEdge2, and
RedEdge3 (red edge bands 1—3), and SWIR2 and SWIR3 (short-wave infrared bands 2—3); vegetation
indices include NDVI (Normalised Difference Vegetation Index), SAVI (Soil Adjusted Vegetation
Index), EVI (Enhanced Vegetation Index), and NDRE (Normalised Difference Red Edge Index).

3.2. Baseline Model Development and Predictive Accuracy

Eight regression algorithms were benchmarked on the non-interpolated dataset under
four predictor configurations that varied the presence of weather variables and vegeta-
tion indices. Each pipeline applied one-hot encoding to categorical features, standard
scaling to numeric features, and underwent hyper-parameter tuning via a five-fold, three-
repeat Repeated K-Fold search that minimised MAE (Section 2.4.1). An 80:20 random split
(n = 2528 training set, 633 test set) provided an unseen test set, while two independent
hold-out samples supplied geographic and temporal validation.

Table 2 summarises test-set results for the configuration that proved most dependable
comprising all Sentinel-2 spectral bands combined with concurrent weather predictors but
excluding vegetation indices. Within this setting, XGBoost achieved the lowest test error
of all pipelines (RMSE = 313 kg DM ha~!, MAE = 243 kg DM ha~!, R? = 0.63) and the
highest cross-validated score (CV MAE = 246 kg DM ha~!). To demonstrate the value of
integrating full spectral information, XGBoost performance was compared against NDVI-
based approaches: when trained using NDVI alone, performance was substantially lower
(RMSE = 439 kg DM ha~!, MAE = 359 kg DM ha~!, R? = 0.28), while combining NDVI
with weather factors improved results (RMSE = 363 kg DM ha~!, MAE = 284 kg DM ha!,
R? = 0.50) but still underperformed regarding the full spectral approach by 41 kg DM ha~!
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in MAE and 13 percentage points in R?. Random forest and gradient boosting models
followed closely (MAE ~ 260 kg DM ha=! R2 ~ 0.60), whereas linear, k-nearest-neighbour,
and support vector regressions lagged by 40-50 kg DM ha~!. Stand-alone decision trees
performed worst with MAE = 331 kg DM ha—!and R? =0.37, highlighting the stabilising
value of ensemble averaging in a feature space dominated by collinear reflectance bands.

Table 2. Test-set and cross-validation performance of the eight regression algorithms all using
Sentinel-2 bands and weather variables (no vegetation indices).

Model CV Score MSE  RMSE MAE R?
Decision Tree —336.38  168,853.56 410.92 331.35  0.37
Support Vector Regression —289.99  138,196.95 371.75 289.81 0.48
Linear Regression —284.00 129,687.39 360.12 285.11 0.51
Lasso Regression —283.89  129,417.34 359.75 284.98 0.52
K-Nearest Neighbours —283.06 126,959.97 356.31 281.89 0.52
Random Forest —274.80 105,868.82 325.37 259.31 0.60
Gradient Boosting Machines —249.08 105,539.33 324.87 252.70 0.60
Extreme Boosting Regressor —246.41  98,036.41 313.11 243.12 0.63

CV Score is the negative mean absolute error (MAE) averaged across a five-fold, three-repeat cross-validation;
MSE = mean squared error, RMSE = root mean squared error, and MAE (all in kg DM ha~1); R? is the coefficient
of determination on the independent 20% test split (n = 633). Extreme Boosting Regressor (XGBoost) records
the lowest error metrics, underscoring the advantage of tree-ensemble methods for modelling PB from high-
dimensional spectral and weather data.

Figure 4 shows the association between actual and predicted PB on the non-
interpolated test set for four predictor scenarios. Including the four derived indices
(NDVI, SAVI, EVI, NDRE) lowered the XGBoost test-set MAE marginally from 243 to
238 kg DM ha~! and nudged R? to 0.65 (Figure 4b), yet this apparent gain disappeared
on both validation sets. For the November 2024 paddocks, the index-rich model
returned MAE = 315 kg DM ha—! and R? = 0.27, whereas the index-free model achieved
MAE =296 kg DM ha~! and R? = 0.33 (Figure 5a). A similar pattern emerged on the
sixth-paddock sample (MAE = 264 versus 256 kg DM ha=1, R? = 0.29 versus 0.35;
Figure 5b).

Predictor sets that omitted either weather data or indices performed consistently
worse (Figure 4a,c). Removing meteorological inputs lowered test-set R? by 5-6 points
and raised MAE by roughly 30 kg DM ha~!. Validation errors exceeded test errors
by about 10%, and the ranking of model quality remained unchanged, with XGBoost
ahead of GBM and REF, followed by linear methods. XGBoost presented test-set MAE
12% lower relative to linear regression and maintained that margin on both external
validation datasets.
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Figure 4. Cont.
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Figure 4. Scatterplots of actual versus predicted PB (kg DM ha~1) on the non-interpolated test set
(n = 633 rows) for four predictor scenarios. Panels (a—d) correspond, respectively, to (a) all spectral
bands plus vegetation indices (NDVI, SAVI, EVI, NDRE) without weather data; (b) all spectral bands
with weather variables and vegetation indices; (c) spectral bands alone without indices or weather
data; and (d) spectral bands with weather variables but without indices. Each panel displays its R?,
RMSE, and MAE (kg DM ha~!) in the top left corner. The maroon dashed line represents the fitted
regression line, and the orange dashed line shows the one-to-one line.
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Figure 5. Scatterplots of actual versus predicted PB (kg DM ha~') on two independent validation
sets for the non-interpolated scenario. All the bands with weather data without vegetation indices
(NDVI, SAV], EVI, NDRE). Panel (a) shows the November 2024 paddocks (the main five monitored
paddocks per farm; n = 41 rows), and panel (b) shows the sixth extra paddock monitored for each
farm (n = 63 rows) with axes starting at a minimum of 1500 kg DM ha~!. Both subplots are based
solely on spectral bands (no vegetation indices) and include their R?, RMSE, and MAE (kg DM ha™1)
in the top-left corner. The maroon dashed line represents the regression line, and the orange dashed
line indicates the one-to-one line.

3.3. Effects of Feature Engineering and Data Augmentation

Interpolation of field measurements using four techniques, second-order polynomial,
Gaussian radial-basis function (rbf), multiquadric radial-basis function (mq), and minimum-
curvature spline (mcg), were applied under three scenarios as shown in Figure 5: Year1Set
only, Year2Set only, or the combined dataset. These methods were benchmarked against
the non-interpolated (Non_ip) baseline to assess their impact on model performance. Each
experiment utilised the “All Bands with Weather Data without Indices” feature set and the
XGBoost pipeline detailed in Table 2. Performance was evaluated using MSE, RMSE, MAE,
and R? on the 80:20 test split and two independent hold-out validation sets, as defined
in Section 2.4.3. A comparative analysis of these methods is presented in Figure 5. The
results revealed that mq interpolation produced the most substantial improvements on the
80:20 test split. Augmenting the training data with approximately 30 per cent synthetic
mq-derived observations increased the test R? from 0.63 to 0.70 and reduced the MAE from
243 t0 216 kg DM ha~!, an 11% improvement over the baseline. A parallel evaluation using
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the mg-interpolated dataset (Table 3) showed that data augmentation through interpolation
improved test-set accuracy and raised cross-validated performance relative to the non-
interpolated baseline reported in Table 2. As shown in Figure 6, significant gains were also
apparent when interpolation was confined to Year 1 data alone; this approach lifted the R? to
0.71 and reduced the MAE to 198 kg DM ha~!, achieving the highest cross-validated score.

Table 3. Test-set and cross-validation performance of the eight regression algorithms using the mq-
interpolated dataset under the “All Bands with Weather Data without Indices” feature configuration.

Model CV Score MSE RMSE MAE R2?
Decision Tree —324.31 190,801.32 436.81 308.96 0.33
Support Vector Regression —-310.76  173,507.53 416.54 32248 0.39
Linear Regression —308.63 171,153.62 413.71 325.34 0.40
Lasso Regression —308.63 171,145.21 413.70 325.34 040
K-Nearest Neighbours —261.54 122,847.55 350.50 253.14 0.57
Random Forest —246.65 100,377.68 316.82 23721 0.65
Gradient Boosting Machines —233.05  87,026.31 295.00 218.05 0.70
Extreme Boosting Regressor —231.89  85,631.65 292.63 216.13 0.70

CV Score is the negative mean absolute error (MAE) averaged across a five-fold, three-repeat cross-validation;
MSE = mean squared error, RMSE = root mean squared error, and MAE (all in kg DM ha~1); R? is the coefficient
of determination on the independent 20% interpolated test split (n = 982). Extreme Boosting Regressor (XGBoost)
records the lowest error metrics, underscoring the advantage of tree-ensemble methods for modelling PB from
high-dimensional spectral and weather data.

The robustness of the final multiquadric-augmented model was reflected on the exter-
nal validation sets (see Section 2.4.3), with detailed results visualised in Figure 7. On the
November 2024 paddocks, the model achieved an R? of 0.44, MSE of 100,489 l(g2 DM? ha2,
RMSE of 317 kg DM ha™!, and an MAE of 267 kg DM ha~!, outperforming the non-
interpolated baseline (R? = 0.33, MSE = 123456 kg? DM? ha~2, RMSE = 351 kg DM ha!,
MAE =296 kg DM ha™!). The performance on the sixth-paddock sample was better, deliv-
ering an R? of 0.48, MSE of 78,225 kg? DM? ha~2, RMSE of 280 kg DM ha !, and an MAE
of 235 kg DM ha~!, whereas other interpolation methods failed to surpass an R? of 0.37. As
illustrated in Figure 6, predictions from the mq model show strong agreement between ob-
served and predicted values for the test set and both validation samples, while maintaining
homogeneous residual dispersion. The multiquadric augmentation increased the training data
size by roughly 30 per cent, reduced the MSE by 20,000 to 25,000 kg> DM? ha~2, reduced the
RMSE by 30 to 40 kg DM ha~!, reduced the MAE by 20 to 30 kg DM ha~!, and raised the R? by
5 to 7 percentage points, while retaining predictive accuracy when applied to new seasons or
paddocks unseen during model fitting.
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Figure 6. Impact of different interpolation methods on XGBoost model performance using the “All
the Bands with Weather Data without Indices” feature set. In every panel, test R? is shown as pink
bars and test MAE by a light-pink line with teal markers; at each MAE point, the teal arrow indicates
the percentage increase (upward) or decrease (dlownward) relative to the non-interpolated (Non_ip)
baseline. Panel (a) (top left) shows Year1Set (pre —April 2023) interpolation methods, polynomial
(poly2), RBE, multiquadric (mq), and minimum-curvature (mcg). Panel (b) (top right) shows the
same four methods applied in Year2Set (post —1 April 2023). Panel (c) (centre bottom) illustrates the
performance of these four interpolation methods when applied to the full two-year period.
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Figure 7. Observed versus predicted PB (kg DM ha~1) obtained with the XGBoost model trained on
the multiquadric interpolated data. Panels: (a) test set; (b) validation set—November 2024 (main five
monitored paddocks per farm; n = 41); (c) validation set—sixth extra paddock per farm (n = 63). The
maroon dashed line represents the regression fit, and the orange dashed line denotes the 1:1 relation-
ship between actual and predicted PB estimates.
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3.4. Temporal-Spatial Generalisation and Progressive Training

Training exclusively on Year 1 records and projecting onto Year 2 data provides
a stringent test of temporal generalisation. When the model was fitted to the raw,
non-interpolated YearlSet (1785 rows) and evaluated on the full Year2Set hold-out
(1369 rows), it achieved R? = 0.24, MSE = 195,667 kg?> DM? ha—2, RMSE = 442 kg DM ha~!,
and MAE =349 kg DM ha~! (Figure 8a). However, replacing the raw YearlSet
with multiquadric-interpolated values (4242 rows) reduced performance (R? = 0.14,
MSE = 220,170 kg? DM? ha=2, RMSE = 469.22 kg DM ha~!, MAE = 368 kg DM ha~!) as
shown in (Figure 8b), while interpolating both years further decreased accuracy (R? = 0.10,
MSE = 259,875 kg? DM? ha=2, RMSE = 510 kg DM ha~!, MAE = 397 kg DM ha™}).
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Figure 8. Comparison of observed versus predicted PB (kg DM ha~!) when training on
Year 1 data and testing on Year 2 data. Panel (a) shows the model trained on raw
(non-interpolated) Year 1 data — Year 2 Test, while panel (b) shows the model trained on Year
1 multiquadric-interpolated data — Year 2 Test. Each panel plots actual versus predicted values for
the Year 2 hold-out, with annotated R?> and MAE. The maroon dashed line represents the regression
fit, and the orange dashed line denotes the 1:1 relationship between actual and predicted PB estimates.

Weekly-observation-mask subsets captured one, two, three, or four weeks of each
monthly cycle, corresponding to roughly 25%, 50%, 75%, and 100% of the avail-
able chronology. On the non-interpolated data, the test-set R? climbed steadily from
0.31 with the sparsest subset to 0.60 with the full dataset, while MAE fell from 328 to
244 kg DM ha~! (Figure 9a). Validation on the November 2024 paddocks (n = 41) fol-
lowed the same trajectory: R? improved from 0.10 to 0.32 and MAE declined from 357 to
307 kg DM ha~!. Accuracy on the sixth-paddock set rose in parallel, reaching R? = 0.30 and
MAE = 261 kg DM ha~! for the complete training span.

The gains were larger when the progressively expanding archive also contained mul-
tiquadric interpolations. With one quarter of the year retained, the interpolated subset
already matched the four-week raw model (R? = 0.44, MAE = 294 kg DM ha!). Assimilat-
ing the entire augmented chronology (4486 rows) lifted the test R? to 0.68 and pushed MAE
down to 208 kg DM ha~!, a 29% reduction relative to the 1 W baseline (Figure 9b). Crucially,
these improvements carried into space and time: on the November 2024 validation R?
reached 0.41 with MAE = 288 kg DM ha~1, and on the sixth-paddock set R? climbed to
0.37 with MAE = 255 kg DM ha~!. The scatterplot in Figure 9b shows strong agreement be-
tween observed and predicted values with a homogeneous spread of residuals, confirming
that the progressive schedule prevents the interpolation surface from over-fitting transient
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fluctuations. Spatial leave-farm-out experiments provided complementary insight into how
well the interpolated model generalises across farms. Holding out one entire farm while
training on the remaining 15 farms using the multiquadric-augmented dataset yielded

R? = 0.46 and MAE =299 kg DM ha~ 1.
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Figure 9. Progressive-training performance of the XGBoost PB model built from the “All the Bands
with Weather Data without Indices” feature set. (a) Pink bars show the test-set R? for each weekly-
observation-mask (WOM) subset: 1 W (25%), 2 W (50%), 3 W (75%), and 4 W (100%). The light-pink
line with teal markers depicts the corresponding test MAE; teal arrows indicate the percentage
change in MAE relative to the 1 W (25%) baseline (upward for increases, downward for decreases).
(b) Observed versus predicted PB (kg DM ha~1) on the validation set—November 2024 (main five
monitored paddocks per farm; n = 41). The maroon dashed line represents the regression fit, and the
orange dashed line denotes the 1:1 relationship between actual and predicted PB estimates.

A final benchmark evaluated the application of the multiquadric-augmented Sentinel-2
XGBoost model (Section 3.3) by comparing its estimates against Pasture.io; https:/ /pasture.io
(PIO), a commercial PB estimation platform. The comparison was conducted on
605 matched observations, where both the developed model and PIO provided estimates
for identical paddocks and dates from the 20% test set. The agreement between the two
approaches was strong, with an MAE of 240 kg DM ha~! and the open-source model
explaining 66% of the variance in PIO estimates (R? = 0.66). The key findings from this
comprehensive analysis have been summarised in Table 4 below.
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Table 4. Summary of key findings from PB estimation using integrated Sentinel-2 and ML approaches
used in this study.

Analysis Component

Key Finding Performance Metrics

Vegetation Index Limitations

NDVI saturates at ~0.80 when PB
exceeds 3000 kg DM ha~!
XGBoost with full spectral

R? = 0.19, fan-shaped residual pattern

Optimal Model Configuration bands + weather data without indices R? = 0.63, MAE =243 kg DM ha~!

Data Augmentation Impact
External Validation

Progressive Training
Spatial Generalisation
Commercial Comparison

Temporal Limitations

(non-interpolated)
Multiquadric interpolation Improved to R? = 0.70,

(~30% synthetic observations) MAE =216 kg DM ha™!

Validation Setl: R? = 0.44,

MAE = 267 kg DM ha~!; Validation
Set2: R? = 0.48, MAE = 235 kg DM ha~!
Continuous updating (1-4 weeks 29% MAE reduction from 1 W to 4 W
training subsets) (328 to 208 kg DM ha1)
Leave-farm-out validation (trained on _

15 farms, tested on 1) R? = 0.46, MAE =299 kg DM ha~!
Benchmarked against Pasture.io

Interpolated model on independent
validation sets

R? = 0.66, MAE = 240 kg DM ha~!

platform
YearlSet to Year2Set extrapolation Performance declined when training on
challenges single year only

4. Discussion
4.1. Exploratory Analysis and Vegetation Index Limitations

Descriptive analysis revealed that PB is governed by seasonality and regional setting,
with composite spectral indices explaining daily variation more effectively than instanta-
neous weather readings. The Pearson correlation heat map (Figure 3) partitioned predictors
into three main clusters that informed the modelling strategy. The high auto-correlation
among the ten Sentinel-2 bands (r > 0.70) justified the use of tree-based feature selection
methods rather than attempting manual dimensional reduction. The greenness-biomass
cluster showed that while NDRE (r = 0.49), EVI (0.45), NDVI (0.44) and SAVI (0.44) all
correlated positively with PB, none achieved correlation coefficients above 0.50, indicating
substantial unexplained variance. The weather cluster revealed tight coupling among
maximum temperature, evapotranspiration and solar radiation (r ~ 0.75) but only weak
instantaneous ties to PB (r < 0.18), emphasising the lagged influence of weather on pas-
ture growth rather than same-day effects. These insights guided the development of
multi-feature ML pipelines that merged meteorological variables, full-band Sentinel-2 re-
flectance, red-edge-enhanced indices and categorical predictors to capture the residual
variability in PB. The univariate regression analysis (Figure 2) demonstrated that increased
sampling does not alleviate the saturation problem inherent in vegetation indices. Sat-
uration occurs when the relationship between a vegetation index and biomass becomes
non-linear and eventually plateaus, meaning that increases in biomass no longer result
in proportional increases in the index value. The fan-shaped residual pattern confirms
that NDVI plateaus near 0.80 while PB continues to rise beyond 3000 kg DM ha~!. Even
red-edge information (NDRE), which emerged as the sole significant positive coefficient
(+3701 kg DM ha~! unit~!, p < 0.001), cannot fully capture PB variability once canopies
exceed approximately 2800 kg DM ha~!. This saturation fundamentally limits the utility
of univariate spectral regressions at high canopy density, where accurate PB estimation is
most critical for practical farm management.

An important consideration is that PB variability reflects not only environmental
conditions but also management practices, particularly grazing pressure, which can rapidly
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alter available biomass independent of weather or spectral signals [39,40]. In the absence of
explicit management variables, environmental predictors may partly function as categorical
site indicators that implicitly capture farm-specific utilisation pattern. This limitation
reinforces the necessity of frequent ground-truth calibration through RPM measurements,
which inherently integrate both environmental and management effects at each sampling
occasion [9,10]. The fortnightly to weekly sampling regime employed here was specifically
designed to capture these combined dynamics, while meteorological variables enhanced
temporal interpolation between observations [41].

4.2. Overcoming Vegetation Index Saturation Through Multi-Spectral Integration

The primary challenge addressed in this study was the saturation of traditional vege-
tation indices like NDVI under dense canopies, which typically occurs when PB exceeds
approximately 3 tonnes DM ha~! [42]. This saturation fundamentally limits the utility of
conventional remote sensing approaches for practical farm management, where accurate PB
estimation is most critical at higher PB levels. The univariate regression analysis (Figure 2)
clearly illustrated this limitation, with NDVI plateauing near 0.80 whilst PB continued to
rise beyond 3000 kg DM ha~!, resulting in the characteristic fan-shaped residual pattern
that confirms the inadequacy of NDVI alone for explaining PB variability.

The integrated approach of combining raw Sentinel-2 reflectance with weather
variables demonstrates a clear pathway beyond these limitations. The progression
from NDVI-only (R? = 0.28, MAE = 359 kg DM ha~!) to NDVI plus weather factors
(R% = 0.50, MAE = 284 kg DM ha™1) to full spectral bands with weather data (R =0.63,
MAE = 243 kg DM ha™!) clearly shows that whilst weather data provides valuable orthog-
onal information, the complete Sentinel-2 spectral suite captures essential biophysical
information that traditional indices cannot adequately represent. This finding aligns with
recent research by Jennewein, et al. [43], who achieved R2 = 0.70 for crop biomass/PB
estimation using multi-sensor proximal remote sensing combining multiple satellite plat-
forms. However, our current study demonstrates that comparable performance can be
achieved using only freely available Sentinel-2 data, highlighting the cost-effectiveness
and accessibility of this approach for widespread adoption across diverse farming systems.
Collectively these findings demonstrate that PB is governed by a variety of factors such
as seasonality and regional setting, that composite spectral indices explain daily variation
more effectively than instantaneous weather readings, and that greenness saturation limits
the usefulness of univariate spectral regressions at high canopy density.

Guerini Filho, et al. [44] showed that Sentinel-2 imagery combined with vegetation
indices could predict natural grassland PB with R? values ranging from 0.51 to 0.65. How-
ever, our current study demonstrates that robust predictive performance can be achieved
even in the absence of explicit vegetation indices, indicating that raw reflectance bands,
especially in the red-edge and short-wave infrared regions, inherently contain the necessary
biophysical information. This finding is further supported by Gargiulo, et al. [18], who
reported R? = 0.72, RMSE = 255 kg DM /ha~! when combining Sentinel-2 with Planet
CubeSats data, but required multiple commercial satellite sources. The decision to exclude
vegetation indices from the final model aligns with findings from Morse-McNabb, et al. [19],
who demonstrated that including SWIR bands substantially enhanced yield prediction
accuracy with Sentinel-2 when predicting PB above 3000 kg DM ha~!, improving R? from
0.79 to 0.90 and reducing RMSE by nearly 200 kg DM ha~!. Ogungbuyi, et al. [45] simi-
larly highlighted the limitations of index-only approaches, noting that despite a moderate
correlation with total PB (R? = 0.43), the associated MAE of 871.83 kg DM ha~! was too
large for practical application. In contrast, the inclusion of SWIR bands, as demonstrated
in the current study, not only minimised preprocessing requirements but also improved
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generalisation on external datasets. The validation results (Figure 5) confirmed that raw
red-edge and short-wave-infra-red bands already carry the information encapsulated by
the indices, with explicit index calculation adding noise without improving generalisation.

Although weather showed weak instantaneous correlations with PB (Section 3.1),
concurrent weather still provides orthogonal information that improves prediction. Remov-
ing meteorological inputs lowered test-set R? by 5-6 points and raised MAE by roughly
30 kg DM ha~!, confirming that weather variables capture aspects of pasture condition
not reflected in same-day spectral measurements. The ranking of model quality remained
unchanged across validation sets, with XGBoost ahead of gradient boosting and random
forest, followed by linear methods, showing that ensemble tree algorithms capture non-
linear interactions between weather and reflectance that translate beyond the calibration
domain. Stand-alone decision trees performed worst, highlighting the stabilising value of
ensemble averaging in a feature space dominated by collinear reflectance bands.

Consistent with our findings, Chen, et al. [46] reported optimal PB prediction when all
Sentinel-2 bands, NDVI, and weather variables were included, yielding R? approximately
0.60 and MAE approximately 262 kg DM ha~!. This study matched these benchmarks
without requiring explicit inclusion of vegetation indices, reinforcing the argument that
full spectrum inputs provide a richer predictive foundation than derived indices alone.
In a broader modelling context, Netsianda and Mhangara [4] combined Sentinel-2 bands,
NDVI, and elevation data to estimate PB using RF and GBM algorithms, achieving an R? of
0.73. Whilst their approach involved multiple data modalities, our findings demonstrate
comparable or superior results using only satellite and weather data, without requiring
additional topographic inputs.

While this study demonstrated that XGBoost effectively captured information from
raw SWIR2 and SWIR3 bands through non-linear feature interactions, future research
could explore whether explicit SWIR-based indices such as the Cellulose Absorption Index
(CAI) or Normalised Difference Lignin Index (NDLI) provide additional interpretability
or improve performance in simpler, more interpretable models (e.g., linear regression or
decision trees) that may be preferred in some operational contexts [47]. Recent studies
have demonstrated that SWIR bands are particularly effective for predicting high pasture
biomass (>4000 kg DM ha’l) where chlorophyll-based indices like NDVI saturate [19,48],
and that explicit SWIR-enhanced indices can provide clearer mechanistic insights into
canopy structural properties [49,50]. However, our results confirm that ensemble tree-
based models can effectively learn these relationships directly from raw spectral bands
without requiring pre-calculated indices.

4.3. Data Augmentation Through Multiquadric Interpolation

Cloud cover and satellite revisit cycles create inevitable temporal gaps in optical remote
sensing data, a fundamental limitation recognised across the remote sensing literature [4,16].
The multiquadric radial basis interpolation approach employed in this study addresses
this limitation by filling gaps in the RPM time series, creating interpolated observations
based on actual observations that improve model training without introducing unrealistic
temporal assumptions. The interpolation process accounts for pasture growth between
measurements by fitting a smooth surface through the observed RPM points, with the
multiquadric function providing a mathematically principled way to estimate intermediate
values that reflect the gradual accumulation and depletion of biomass between actual field
measurements. By confining interpolation strictly to the temporal span defined by observed
measurements and requiring at least three actual observations per paddock, the method
avoids extrapolation whilst capturing the underlying growth trajectory.
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Whilst radial basis interpolation has found application in environmental and medi-
cal sciences, and some studies have explored interpolation methods for satellite data in
agricultural applications, the specific application of multiquadric interpolation to bridge
temporal gaps between ground-truth RPM measurements and cloud-affected satellite
imagery in pasture biomass estimation represents a methodological contribution to this
field. The observed improvement aligns with recent advances in agricultural data aug-
mentation reported by Gracia Moisés, et al. [51], who demonstrated substantial error
reductions using similar techniques in optical spectroscopy applications. However, the
application to temporal gap-filling in satellite-ground data integration represents a distinct
methodological contribution.

The multiquadric surface employed in this study demonstrated a favourable balance of
speed, stability, and predictive effectiveness compared to alternative interpolation methods
(Figure 6). This approach contrasted with other interpolation methods such as Gaussian
process or Kriging augmentation, which, despite improving spatial homogeneity, are com-
putationally intensive for national-scale datasets [52]. Recent mathematical advancements
that generalise the multiquadric kernel for quasi-interpolation [53-55] suggest that even
higher fidelity could be achieved as these theoretical formulations become operational
in geospatial libraries. The trend-assisted multiquadric gridding approach demonstrated
efficiency gains noted in Earth observation applications [31], supporting its adoption for
operational pasture monitoring systems.

4.4. Progressive Training and Temporal Generalisation

The integration of interpolated rows within the progressive training regime demon-
strated the practical benefit of continually updating the model. This trajectory corroborates
the findings of Correa-Luna, et al. [10] that even a relatively small proportion of fort-
nightly ground observations, roughly 10% of paddock days, is sufficient to stabilise pasture
predictions whilst emphasising the necessity of retraining the model on a comparable
rolling schedule.

However, the temporal validation experiments (Figure 8) revealed important limita-
tions of interpolation when applied to strict temporal extrapolation scenarios. Training
exclusively on Year1Set and testing on Year2Set demonstrated that interpolation actually
reduced performance compared to the raw data baseline (R? slipped from 0.24 to 0.14, MAE
rose from 349 to 368 kg DM ha~!). This apparent contradiction with the overall benefits of
interpolation highlights the context-dependent nature of data augmentation techniques.
This finding aligns with domain adaptation challenges widely reported in ML literature
Meyer, et al. [56]. To understand this performance decline, we decomposed the prediction
error into bias and variance components. The interpolated Year1Set model exhibited higher
bias (systematic underestimation of Year2 biomass by approximately 15%) and similar
variance compared to the raw model, suggesting that the interpolation surface captured
Yearl-specific patterns that did not transfer to Year2 conditions.

The observations generated through interpolation introduced bias when the train-
ing and testing data came from fundamentally different temporal distributions, as the
interpolation surface fitted to Year 1 data encoded seasonal patterns specific to that year.
However, when training and testing data came from similar temporal distributions (the
80:20 split from the combined dataset), interpolation significantly improved performance
by providing a denser, more representative sample of the underlying growth patterns.
In summary, these findings also indicate that the combined application of interpolation
and progressive training effectively bridges inherent observational gaps associated with
optical remote sensing and establishes a data-efficient method for maintaining accuracy as
seasonal conditions change. The comprehensive strategy directly addresses model validity
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and reliability across varied climatic, soil, and management contexts, thereby offering a
robust and generalisable solution.

4.5. Model Performance and Validation Across Multiple Scales

The robustness of the final multiquadric-augmented model was reflected across ex-
ternal validation sets (Figure 7). The model achieved consistent performance on the
November 2024 paddocks and the sixth-paddock validation sets, outperforming the non-
interpolated baseline whilst other interpolation methods failed to surpass an R? of 0.37.
Spatial leave-farm-out experiments confirmed that a PB model trained on one set of pad-
docks inevitably experiences a reduction in accuracy when applied to entirely excluded
fields. In our case, the non-interpolated version surrendered roughly one quarter of its
explanatory power under this scenario, a decline consistent with cross-location deteriora-
tion reported by Smith, et al. [57]. However, the introduction of multiquadric interpolation
significantly mitigated this loss, helping the model maintain a more balanced represen-
tation of the growth envelope and maintaining the MAE on the held-out farms below
300 kg DM ha~!, while explaining nearly half of the PB variance, surpassing the more
complex ensembles assessed by Smith, et al. [57] at comparable extrapolation distances.

The disparity between robust performance on the internal 20% test split and compar-
atively weaker scores on independent validation sets elucidates the inherent challenges
associated with model transferability, as widely reported in remote sensing applications
where models are tested beyond their calibration domain. Validation errors exceeded test
errors by about 10%, reflecting the additional temporal and geographic distance embodied
in the hold-out samples. Nevertheless, the crucial need for regular retraining is empha-
sised by the observation that model accuracy declined on paddocks and seasons withheld
from calibration, even with interpolation. Overall, the results demonstrate that tempo-
ral generalisation hinges on two complementary strategies, retaining the full historical
record so that the model learns from experiencing the complete seasonal duration, and
supplementing that record with cautiously smoothed interpolations that densify the signal
without inflating noise. When applied together, these measures raise R2 by about 30%
points and cut MAE by roughly 85 kg DM ha~! compared with a model trained on a single
season and maintain consistent accuracy when entire farms are withheld during testing.
The consistency of these results across scenarios shows that the model, built with the full
predictor set, extends reliably to farms unseen during calibration, reinforcing the temporal
gains reported above.

4.6. Comparison with Commercial Decision-Support Systems

The comparison with PIO, a commercial PB estimation platform, provides cru-
cial context for the application of research-based approaches. The strong agreement
between the developed open-source model and the proprietary platform (R? = 0.66,
MAE = 240 kg DM ha~!) demonstrates that transparent, academic approaches can achieve
comparable performance to commercial solutions across matched observations spanning
multiple farms and production years [10]. This benchmark was performed across multiple
farms and distinct production years, demonstrating that an openly documented and fully re-
producible approach can achieve relatively high performance whilst retaining adaptability
to integrate new sensors and management variables as they become available. Commercial
platforms typically have access to multiple satellite sources, sophisticated atmospheric
correction algorithms, and proprietary data fusion techniques, making this performance
parity particularly significant. The comparison validates methodological choices whilst
highlighting the potential for democratising precision agriculture technologies. Many exist-
ing commercial solutions require significant capital investment or ongoing subscription
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costs that may be prohibitive for smaller farming operations, particularly in developing
regions where cost-effective monitoring solutions are most needed.

4.7. Limitations and Future Research Directions

Several factors constrain the current implementation and highlight avenues for fu-
ture research. The reliance on multiquadric interpolation presumes gradual temporal
evolution of PB, a common approach for filling cloudy gaps in vegetation monitoring
but one that risks obscuring sharp declines associated with grazing or drought. Com-
bining optical-derived indices with sensors capable of detecting rapid canopy structural
shifts, such as C-band radar backscatter, could offset this limitation [58]. Pasture greenness
measures displayed the well-recognised saturation effect once biomass exceeded roughly
3000 kg DM ha~!, thereby limiting model sensitivity in the critical range where tactical
management adjustments are most often needed [46,59]. Acquiring richer spectral infor-
mation, such as narrow-band hyperspectral or chlorophyll fluorescence signals, may offer
enhanced sensitivity under high biomass and address this ceiling effect [13,60,61].

Additionally, weather predictors were restricted to daily aggregates, limiting capacity
to reflect sub-daily factors such as vapour pressure deficit, refined soil moisture estimates,
or high-resolution temperature extremes that could potentially capture short-lived stress
events influencing pasture growth between satellite overpasses. The study spanned three
districts within a single coastal climatic zone, and explicit testing of site-specific differences
in management such as fertiliser timing or detailed pasture quality was not conducted.
As noted by Holzworth, et al. [62], expansion of ground data across diverse weather and
management systems is essential to evaluate broad-scale model transferability. The Year 1 to
Year 2 transfer experiment reinforces this point because despite a threefold increase in
sample size through interpolation, a model trained exclusively on the first season could not
accommodate phenological shifts of the following year, with acceptable performance only
restored after expanding the calibration base and retraining on multi-year data [63].

The demonstrated performance achievements using freely available satellite data have
important implications for democratising precision agriculture technologies. The open-
source approach provides full methodological transparency allowing for local adaptation
and improvement, eliminates ongoing data acquisition costs through use of freely available
Sentinel-2 data, and enables integration of additional sensor types or management variables
as they become available. However, the current implementation may require some technical
expertise, making it more immediately accessible to researchers, government agents, or
technical staff rather than directly to individual farmers. Strategically, the progressive
training paradigm establishes a pathway for continuously improving models that remain
reliable as satellite technology, weather conditions, and management practices evolve.

Methodologically, this study significantly advances pasture remote sensing by demon-
strating that integrating raw spectral, meteorological, and management data within a
unified machine learning framework provides superior performance compared to models
driven solely by vegetation indices. From a practical standpoint, the interpolation-enhanced
model delivers near real-time PB estimates that align well with commercial platforms across
diverse environments, offering producers a transparent and customisable alternative to
proprietary solutions. Future work should focus on exploring ensemble combinations of
optical and radar imagery, automating paddock-level recalibration using farmer-supplied
RPM pasture biomass measurements, and integrating the model into grazing allocation
tools to directly translate predictive accuracy into measurable productivity gains and farm
profitability. These enhancements will enable integration into grazing allocation tools,
establishing a dynamic, self-improving decision-support system that translates predictive
accuracy into improved pasture utilisation and increased farm profitability.
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5. Conclusions

This study demonstrates that accurate pasture biomass estimation can be achieved
even where traditional vegetation indices saturate and Sentinel-2 imagery is intermittently
obscured by cloud cover. By integrating raw multispectral reflectance, rising plate-meter
measurements, daily weather data, and paddock-level metadata within a machine learn-
ing framework, the model effectively bridged the gap between satellite observations and
ground measurements. The unified strategy prioritising full-band reflectance over vege-
tation indices achieved robust baseline performance (R? = 0.63, MAE = 243 kg DM ha™!),
substantially outperforming NDVI-based approaches. Multiquadric radial basis interpola-
tion of field measurements addressed temporal gaps from cloud obstruction, augmenting
the dataset with approximately 30% interpolated observations and improving performance
to R? = 0.70 and MAE = 216 kg DM ha~!. These improvements were observed across inde-
pendent validation sets, with the November 2024 validation set achieving R? = 0.44 and
MAE = 267 kg DM ha~!, and the sixth-paddock validation set achieving R? = 0.48 and
MAE = 235 kg DM ha~ .

The implementation of progressive training with seasonally aligned observations-
maintained model accuracy across temporal and spatial contexts. Leave-farm-out validation
confirmed robust generalisation to unseen farms (R? = 0.46, MAE < 300 kg DM ha™1),
whilst comparison with the commercial Pasture.io platform demonstrated comparable
performance using freely available data. Despite these advancements, several limitations
warrant future research, as multiquadric interpolation may smooth abrupt pasture biomass
declines following intensive grazing, and daily weather aggregates may overlook short-
lived environmental events. Future work should focus on integrating finer-resolution
sensors, developing automated paddock-level recalibration systems, and incorporating the
model into grazing allocation tools to establish a dynamic decision-support system that
translates predictive accuracy into improved pasture utilisation and farm profitability.
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CHAPTER 6

Machine learning for grazing event detection and
pasture utilisation quantification from sentinel-2

data

Estimating pasture availability solves only half the equation. Quantifying when and how much cows
actually consume is essential for effective feed budgeting and pasture utilisation quantification, whilst
knowing the precise timing of a grazing event matters as much as the biomass measurements
themselves, since it is required to calculate rotation lengths, plan subsequent paddock allocations,
determine rest periods for pasture recovery, and verify whether residual targets were met at the right
point in the grazing cycle. However, temporal gaps from infrequent field measurements complicate
accurate quantification of both. We address this challenge by utilising the interpolated pasture
biomass data from Chapter 5. As cows graze a strip or paddock, pasture biomass declines in
detectable patterns. In this chapter, we capture these patterns by integrating machine learning
algorithms with anomaly detection methods to automatically identify grazing events from biomass
trends. This framework delivers essential metrics for real-time pasture utilisation quantification across
commercial dairy farms, enabling sustainable feed budgeting and informed grazing management
decisions. The complete notebook and code for grazing detection implementation is available in the
repository (chapter-6-grazing-detection/Chapter 6 Grazing Detection Notebook.ipynb). Key code

excerpts are presented in Appendix D.
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ARTICLE INFO ABSTRACT

Keywords: Effective pasture management in pasture-based dairy systems (P-BDS) requires accurate knowledge of when and
Anomaly detection where grazing occurs and how much biomass is consumed, yet manual recording methods are time consuming
Biomass

and prone to error. This study compared machine learning approaches for automated grazing event detection and
pasture utilisation quantification from both rising plate meter and interpolated Sentinel-2 satellite data. Per-
formance was evaluated against GPS-tracked cow grazing records across 12 commercial dairy farms in New
South Wales, Australia (July 2022-June 2024). Eleven approaches were evaluated across within-year and cross-
year validation scenarios to assess temporal transferability. Random Forest achieved optimal within-year
detection performance (F1 score = 0.878, precision = 0.938, recall = 0.825), whilst One-Class Support Vector
Machine (OCSVM) demonstrated superior cross-year transferability (F1 score = 0.692), outperforming super-
vised models by 7.6% on independent Year 2 data despite supervised models experiencing average performance
degradation of 24.2%. Farm-level detection variability ranged from F1 = 0.500 to 0.815, with site-specific factors
exerting stronger influence than regional characteristics. Independent pasture utilisation agreement validation
on 218 GPS-confirmed events demonstrated strong biomass quantification concordance between satellite and
ground measurements (pre-grazing biomass R? = 0.966; post-grazing biomass R* = 0.998; biomass removal R? =
0.922), establishing proof-of-concept that satellite systems can both identify when grazing occurs and accurately
quantify biomass changes. Temporal alignment constraints between satellite revisit schedules and ground
measurements limited validation to 19.4% of total events, highlighting the need for daily or near-daily obser-
vations through multi-sensor fusion approaches to achieve deployment in commercial P-BDS.

Cross-year validation
Semi-supervised learning
Temporal transferability

1. Introduction

Effective pasture management in dairy systems requires accurate
knowledge of when and where grazing occurs, as this information
directly influences feed budgeting, rotational grazing schedules and
overall farm productivity [1,2]. In pasture-based dairy systems (P-BDS),
the ability to detect grazing events (GE) rapidly and accurately, com-
bined with precise quantification of pasture utilisation (PU), enables
farmers to optimise forage management and improve economic returns.
Pasture utilisation refers to the amount of herbage mass consumed
during a GE, typically quantified as biomass removal (kg DM ha™') and
harvesting rate ( %), calculated as (pre-grazing biomass — post-grazing
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E-mail address: blessing.azubuike@sydney.edu.au (B.N. Azubuike).
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biomass) / pre-grazing biomass x 100. Accurate PU quantification en-
ables farmers to optimise stocking rates, ensure adequate residuals for
pasture recovery, balance feed demand with supply, and improve feed
budgeting accuracy. Regular monitoring of herbage mass combined with
accurate records of grazing timing and intensity can improve farm
profitability by up to 15 % through better alignment of pasture avail-
ability with animal requirements and reduced wastage from overgrazing
or under utilisation [1]. Traditional approaches to recording GE rely on
manual documentation by farmers, a process that is time consuming,
prone to error and often incomplete, particularly on larger operations
managing multiple paddocks simultaneously [3]. As precision agricul-
ture technologies advance, automated methods for detecting GE could
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substantially reduce labour requirements whilst improving the accuracy
and timeliness of PU records.

Wearable sensor technologies have emerged as potential solutions
for livestock monitoring, with GPS tracking collars and accelerometers
enabling detailed tracking of animal location and behaviour [4-6]. Ac-
celerometers mounted on collars or ear tags capable of classifying cattle
activities such as grazing, ruminating, resting and walking achieve
classification accuracies exceeding 85 to 96 % for individual animal
behaviours [7-10], but converting these measurements into paddock
level GE detection requires additional processing, assumptions about
herd dynamics and operational complexity for device management [11,
12].

Rising plate meters (RPM) are widely regarded as reliable tools for
direct pasture biomass (PB) estimation because they convert compressed
sward height readings into accurate measures of herbage mass [13,14].
However, they require manual operation, are labour intensive and lack
scalability for large dairy enterprises, which limits both their temporal
density and practicality for continuous monitoring [15-18]. These
constraints have accelerated interest in remote sensing technologies,
particularly satellite imaging platforms such as Sentinel 2, Planet and
Landsat, which provide high spatial and temporal resolution suitable for
monitoring PB at farm scale [16,19-21]. By leveraging freely available
satellite data, farmers and researchers can establish continuous and
detailed monitoring systems that support more informed pasture and
grazing management decisions [22].

Satellite-based remote sensing (RS) provides an alternative approach
for tracking vegetation dynamics without requiring animal-mounted
sensors [23,24]. Satellite imagery excels at estimating standing PB
through vegetation indices and spectral reflectance, with recent studies
achieving accuracies of coefficient of determination (R%) = 0.60 to 0.86
using machine learning (ML) approaches combined with Sentinel-2 or
Landsat data [16,19,22,25]. The transition from PB estimation to GE
detection represents a critical but underexplored application, as discrete
livestock consumption events manifest as rapid PB disappearance pat-
terns distinguishable from gradual senescence [26,27]. Recent interpo-
lation techniques enable bridging temporal gaps in satellite
observations, creating denser time series that better capture pasture
growth dynamics [22,28]. Piecewise cubic Hermite interpolating poly-
nomial and multiquadric (MQ) radial basis function (RBF) methods offer
shape-preserving interpolation suitable for agricultural time series,
maintaining biological plausibility whilst avoiding overshooting be-
tween measured points [29,30].

Machine learning approaches offer promising frameworks for clas-
sifying GE based on temporal PB patterns derived from satellite obser-
vations [15,25]. Whilst threshold based methods provide transparent
solutions, ML algorithms often achieve superior performance by
capturing complex nonlinear relationships [31-33]. Despite growing
interest in automated pasture monitoring, significant gaps persist.
Whilst ML applications in dairy farming have increased sevenfold since
2018, most focus on health monitoring rather than GE detection [33,
34]. Successful ML applications for detecting discrete livestock events
have primarily focused on sheep parturition, whereas applications tar-
geting dairy cattle grazing remain limited and understudied [35].

Critical knowledge gaps remain in four areas. First, comparative
performance of different ML algorithms for GE detection remains un-
clear, with limited systematic evaluation of threshold-based, supervised
learning and anomaly detection approaches applied to both satellite and
ground-based measurement systems. Second, temporal transferability of
trained classifiers across seasons and production years needs assessment
for operational deployment particularly when accounting for inherent
timing uncertainties between measurement systems. Third, optimal
validation frameworks for automated detection systems require devel-
opment, specifically addressing how to appropriately match predictions
against GPS ground truth when measurement timing varies between
data sources. Fourth, the agreement between satellite-derived and
traditional ground-based PU measurements requires quantification to
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determine whether remote sensing can reliably substitute for labour-
intensive manual monitoring of pre-grazing PB, post-grazing residuals
and removal amounts across diverse farming conditions. This research
tests the hypothesis that the rate of PB disappearance between consec-
utive satellite observations, derived from interpolated time series, can
simultaneously detect GE and accurately quantify PU in commercial
dairy systems without requiring manual farm records.

This research addresses these gaps through two complementary ob-
jectives. The first objective is to develop and systematically compare
ML-based approaches for automated GE detection from both RPM and
interpolated Sentinel-2 satellite data, evaluating their performance
against GPS-recorded grazing timing (ground truth or ‘gold standard’)
across multiple production years to assess temporal transferability and
operational robustness. The second objective is to independently
quantify the agreement between RPM-derived and satellite-derived PU
measurements (pre-grazing PB, post-grazing residuals, and removal
amounts) for GPS-confirmed GE, assessing whether satellite systems can
accurately estimate PB changes when grazing actually occurs. By sepa-
rating detection performance from measurement agreement, this
framework enables independent evaluation of whether satellite systems
canreliably (1) identify when grazing occurs and (2) accurately quantify
PB changes, providing empirical evidence for their deployment capa-
bilities in commercial P-BDS.

2. Materials and methods
2.1. Study sites and data sources

This study utilised data from 12 commercial dairy farms across New
South Wales, Australia, collected between July 2022 and June 2024. The
farms were distributed across three coastal regions: mid-coast (3 farms,
latitude range: -34.03° to -31.72° S, longitude range: 150.65° to 152.68°
E), north coast (4 farms, latitude range: -28.90° to -28.68° S, longitude
range: 152.91° to 153.13° E), and south coast (5 farms, latitude range:
-36.82° to -36.64° S, longitude range: 149.60° to 149.90° E). Regional
climatic conditions varied substantially, with long term mean annual
rainfall averaging approximately 780 mm in the south coast region,
1284 mm in the mid coast district and 1073 mm in the north coast area.
Daily air temperatures ranged from approximately 5°C to 20°C during
winter months and 20°C to 35°C throughout summer periods. The study
monitored 60 paddocks across the twelve farms, with five paddocks per
farm designated for intensive ground truth monitoring throughout the
study period. Farm scale utilisable grazing areas ranged from 64.5 to
313 ha. All participating farms operated primarily with kikuyu (Cen-
chrus clandestinus) pasture oversown annually with annual ryegrass
(Lolium multiflorum L.) during the autumn and winter months. Fig. 1
shows the geographic distribution of the 12 farms across the three
coastal regions used in this study.

2.1.1. Grazing dataset from GPS tracking collars

GPS collars were fitted to three lactating dairy cows per farm
throughout the study period to provide ground truth GE records. GPS
trackers (Yabby Edge Cellular, Digital Matter, Australia) utilising IoT
cellular network bands (LTE-M CatM1 and NB-IoT) recorded location
coordinates at 60-min intervals with positional accuracy of +2.5 m
under optimal satellite visibility [36]. GPS data underwent quality
control procedures to exclude invalid coordinates (latitude/longitude
outside farm boundaries), stationary positioning errors and satellite
signal dropouts. Paddock occupancy status was determined by spatial
intersection of GPS coordinates with farm paddock boundaries using
geographic information system operations. A paddock was classified as
grazed when at least one collared animal remained within paddock
boundaries for a minimum continuous duration of 2 h, consistent with
typical dairy grazing rotation periods. GE start dates were defined as the
first day when paddock occupancy criteria were met, and end dates as
the last day of continuous occupancy before herd movement to a
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Fig. 1. Distribution of 12 commercial dairy farms across three coastal regions of New South Wales, Australia: Mid Coast (n=3), North Coast (n=4), South Coast

(n=>5). Reference cities shown for geographic context.

different paddock. Consecutive days when GPS records indicated cattle
presence in the same paddock were grouped into single GE to prevent
over-counting. Dates separated by <5 days were consolidated into uni-
fied events, with event start defined as the earliest date and event end as
the latest date within each group. This grouping procedure generated
1492 GEs across the 60 monitored paddocks throughout the 2-year study
period (July 2022 to June 2024), with mean event duration of 2.6 days
(median 2.0 days, range 1-55 days). These GPS-derived events provided
independent ground truth for model training and validation.

The use of three GPS collars per farm was based on the manufacturer
recommendations for herd-level tracking in intensive dairy systems
[36]. In the pasture-based dairy industry of Australia, cows are managed
as cohesive herds or mobs that are brought from paddocks to the dairy
for milking twice daily and returned to designated grazing allocations
after each milking. These allocations are typically small areas with high
grazing intensity (commonly approximately 100 cows/ha as instanta-
neous stocking rate), ensuring that animals remain in close proximity
throughout grazing periods. Under these management conditions, a
single GPS-collared animal would theoretically provide adequate
herd-level location data. However, three collars per farm were deployed
to account for potential device failures, signal dropouts, or temporary
separation of individual animals during milking or health treatments,
thereby ensuring continuous paddock occupancy monitoring
throughout the study period.

2.1.2. Rising plate meter measurements

Ground truth PB measurements were conducted using a Jenquip
EC20 Electronic Pasture Meter (Feilding, New Zealand). Monthly cali-
bration activities were implemented on two designated paddocks per
farm [37], involving collection of nine 0.1 m? quadrat samples cut to 5
cm stubble height. Samples were dried for 48 h at 65°C before weighing.
Linear regression analysis between compressed sward height (CSH)
readings and measured dry matter values provided farm specific cali-
bration equations for converting height measurements to PB estimates
expressed as kg DM ha™'. For each monitoring event, a minimum of 70
individual measurements were recorded within each paddock using
systematic sampling procedures. Measurements were averaged to pro-
vide a single PB estimate per paddock per monitoring date. Quality
control procedures excluded values outside the 1000 to 4000 kg DM ha™!
range appropriate for the study pasture systems. RPM measurements
were collected weekly during Year 1 (July 2022 to June 2023) and
fortnightly during Year 2 (July 2023 to June 2024) [37]. Following
filtering to the 60 common paddocks monitored across both years, the
RPM dataset comprised 3066 observations (Year 1: 2135 observations;
Year 2: 931 observations). After removing 120 observations with
incomplete temporal features, 2946 observations remained for model
development and validation. These RPM measurements were needed to
provide independent ground truth data for validating satellite-based GE
detection timing, and enabling quantification of PU metrics including
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pre-grazing PB, post-grazing PB and removal amounts.

2.1.3. Sentinel-2 satellite data

Sentinel-2 imagery was acquired throughout the study period,
providing surface reflectance data at 10 m spatial resolution with a
nominal 5-day revisit frequency. Nine spectral bands were utilised: blue
(band 2, 490 nm), green (band 3, 560 nm), red (band 4, 665 nm), near
infrared (band 8, 842 nm), three red edge bands (bands 5, 6, 7 at 705,
740 and 783 nm respectively), and two shortwave infrared bands (bands
11 and 12 at 1610 and 2190 nm respectively). Imagery pre-processing
included atmospheric correction using the Sen2Cor processor, resam-
pling to a consistent 10 m grid and geometric correction. Quality
assurance utilised the Function of mask (Fmask) algorithm to exclude
pixels affected by clouds, shadows, water or snow [38]. For each
paddock and acquisition date, spectral statistics were calculated by
averaging valid pixel values within paddock boundaries after removing
outliers falling outside 1.5 interquartile ranges from the median.
Paddock-level Normalised Difference Vegetation Index (NDVI) values
were averaged across all valid pixels within each paddock boundary for
each satellite acquisition date.

Pasture biomass estimates derived from satellite observations were
obtained using a previously developed monitoring framework [22].
That framework addressed temporal gaps in RPM measurements using
multiquadric (MQ) radial basis function interpolation to create gap-free
training data. An XGBoost machine learning model was then trained to
predict PB using Sentinel-2 spectral bands, derived vegetation indices
(NDVI, EVI, SAVI, NDRE), weather variables (temperature, rainfall,
solar radiation, evapotranspiration), and seasonal characteristics,
achieving cross-validated performance of R* = 0.70 and RMSE = 293 kg
DM ha'. This approach generated PB estimates by combining direct
RPM measurements, satellite observations, and interpolated values. The
current study utilised this interpolated satellite-derived dataset from 12
of the 16 original farms in [22]. Farms were included if they had: (1)
continuous GPS collar deployment throughout both study years, (2)
minimum 5 observations per paddock with valid PB data (1000-4000 kg
DM ha™), and (3) sufficient temporal overlap between PB measurements
and GPS-confirmed GE for model validation. Four farms failed to meet
these criteria. Following filtering to the 60 common paddocks monitored
throughout both study years, the dataset comprised 7511 observations
across the study period (Year 1: 4264 observations; Year 2: 3247 ob-
servations). After removing 120 observations with incomplete temporal
features, 7391 observations remained for model development and
validation. All interpolated records were tagged to enable downstream
distinction from directly observed values. The MQ interpolation was
applied to the full paddock biomass time series prior to temporal split-
ting into Year 1 and Year 2 subsets. Whilst the constrained nature of
Multiquadric interpolation minimises cross-boundary information
leakage, future implementations should apply interpolation indepen-
dently within each temporal subset.

2.2. Data preprocessing and feature engineering

Two primary datasets were constructed for model development, one
containing only direct RPM measurements (RPM dataset), and one
containing interpolated PB estimates from Sentinel-2 satellite data (MQ
dataset). The RPM dataset comprised 2946 observations across 60
paddocks (Year 1: 2075 observations; Year 2: 871 observations), whilst
the MQ dataset comprised 7391 observations across the same paddocks
(Year 1: 4204 observations; Year 2: 3187 observations). Each dataset
retained only observations with valid PB estimates between 1000 and
4000 kg DM ha™'. A critical methodological challenge in automated GE
detection involves accounting for inherent temporal misalignment be-
tween measurement systems. GPS collars record exact paddock entry
dates, whereas RPM measurements occur at weekly to fortnightly in-
tervals and satellite observations depend on cloud-free acquisition
schedules. To address this temporal uncertainty, a tolerance-based
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labelling approach was implemented where for each observation in
the RPM and MQ datasets, the temporal proximity to GPS-recorded GE
was calculated. An observation was labelled as grazed if a GPS-confirmed
GE occurred within +7 days of the observation date on the same
paddock. This 7-day tolerance window accounts for typical measure-
ment frequencies in operational dairy systems whilst maintaining bio-
logical relevance to the GE. Observations falling outside this window for
all GPS events were labelled not grazed to create a realistic validation
framework that acknowledges measurement timing uncertainties.

For each observation at time t within each paddock, temporal fea-
tures were constructed using forward-looking windows. The next
observation date, next PB value, and time interval (days) between
consecutive observations were calculated using grouped temporal shifts
within each paddock time series. Biomass change (ABiomass) was
computed as the difference between consecutive measurements, and the
PB disappearance rate was calculated as:

max(0, —ABiomass)

Disappearance Rate =
PP At

where ABiomass represents the change in PB (kg DM ha™') between
consecutive observations as a result of a GE, At is the time interval in
days. Negative changes (biomass loss) were clipped to zero to focus
specifically on disappearance events, as PB increases indicate growth
rather than consumption. This rate metric normalises biomass loss by
the inter-observation interval, enabling fair comparison between ob-
servations with varying temporal spacing.

Additional temporal and biomass-related features were engineered
to capture growth patterns and grazing signals. Temporal features
comprised day of year (1-366) to capture phenological patterns, week of
year (1-52) for seasonal grazing intensity, month (1-12) as a categorical
variable for broader seasonal effects, and year (2022-2024) for inter-
annual climatic variability. Categorical features included farm identi-
fier, paddock code, region (Mid Coast, North Coast, South Coast) and
season (spring, summer, autumn, winter) to capture spatial and climatic
variation across the study area.

2.3. Model development, training, and evaluation

Model performance was evaluated using two temporal validation
scenarios designed to assess robustness and transferability. The within-
year scenario used a temporal split on 1 January 2023, with all obser-
vations before this date (July 2022 to December 2022) used for training,
and all observations after this date (January 2023 to June 2024) used for
independent validation. This scenario assessed model generalisation
across seasons and production years within the temporal span of avail-
able data. The cross-year scenario trained models exclusively on Year 1
data (July 2022 to June 2023) and tested on independent Year 2 data
(July 2023 to June 2024), representing the most stringent test of tem-
poral transferability across annual production cycles. Both scenarios
maintained strict temporal independence between training and testing
data, with validation periods representing previously unseen temporal
conditions. Four validation datasets were constructed: RPM within-year,
RPM cross-year, MQ within-year, and MQ cross-year. Each dataset was
independently split into training and testing periods according to the
scenario temporal boundaries. This design enabled systematic compar-
ison of detection performance between measurement systems (RPM vs
MQ) and temporal contexts (within-year vs cross-year).

2.4. Threshold-based classification

The threshold-based approach employed a single continuous pre-
dictor (PB disappearance rate) to discriminate between grazed and not-
grazed intervals. For a given threshold 7, an observation was classified as
grazed if its disappearance rate exceeded 7, otherwise classified as not
grazed. The optimal threshold was determined independently for each
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validation dataset by minimising the total absolute error (TAE) between
predicted and actual GE counts aggregated at the paddock level. For
each paddock p , let A, represent the actual number of GE and P, (7) the
predicted number of GE at threshold t. The TAE was computed as:

TAE(7) = > |A, — Py(7)]
p=1

where N is the total number of paddocks. This objective function was
minimised by evaluating 200 equally spaced candidate thresholds
spanning the full range of observed disappearance rates. The threshold
yielding the minimum TAE was retained as optimal and used for all
subsequent predictions on that dataset.

2.5. Supervised machine learning and anomaly detection approaches

Nine supervised ML algorithms were systematically evaluated for GE
classification: Random Forest, Extra Trees, XGBoost, Gradient Boosting,
Logistic Regression, Classification and Regression Trees (CART), K-
Nearest Neighbours, Naive Bayes, and Support Vector Machine (SVM).
All continuous features were standardised using z-score normalisation
prior to model training to ensure comparable feature scales across
different measurement units. Categorical features were one-hot encoded
for compatibility with tree-based and linear algorithms. Hyper-
parameter optimisation was conducted using 3-fold cross-validation on
the training data with F1 score as the optimisation metric. The F1 score
is the harmonic mean of precision (proportion of predicted GE that were
correct) and recall (proportion of actual GE successfully detected),
calculated as:

2 x precision x recall
~ precision + recall

F1 ranges from 0 (worst) to 1 (best) and provides a balanced measure
of classification performance that accounts for both false positives and
false negatives.

Grid search explored conservative hyperparameter ranges to balance
model complexity with generalisation performance. For tree-based
methods (Random Forest, Extra Trees, Gradient Boosting), the number
of estimators ranged from 100 to 300, maximum tree depth from 5 to 15,
minimum samples per split from 2 to 10, and minimum samples per leaf
from 1 to 4. For XGBoost, learning rates of 0.01, 0.05 and 0.1 were
evaluated alongside subsample ratios of 0.8 and 1.0. SVM explored
regularisation parameters (C) from 0.1 to 100 with radial basis function
kernel and gamma values of 'scale' and 'auto’. K-Nearest Neighbours
evaluated neighbour counts from 3 to 15 with both uniform and
distance-weighted voting. For each algorithm, the hyperparameter
configuration achieving the highest cross-validation F1 score was
selected. The optimised model was then retrained on the full training
dataset and evaluated on the independent temporal validation data.

Anomaly detection was implemented using One-Class Support Vec-
tor Machine (OCSVM) under a semi-supervised paradigm. The OCSVM
was trained exclusively on observations labelled not grazed in the
training data, treating GE as anomalies to be detected. This approach
mirrors operational scenarios where GE are infrequent relative to
normal pasture growth periods. The OCSVM learns a decision boundary
around normal observations in a transformed feature space using a
radial basis function kernel. Observations falling outside this boundary
during testing are flagged as anomalies (potential GE). The contamina-
tion parameter, which controls the expected proportion of anomalies in
the training data, was set to 0.05 to account for potential mislabelled
observations whilst maintaining model sensitivity. The kernel coeffi-
cient (gamma) was set to 'scale' (1/(n_features x variance)), and the
regularisation parameter (nu) was optimised via cross-validation within
the range [0.01, 0.1, 0.2]. Predictions from the OCSVM were converted
to binary classifications, with anomalies (output = -1) classified as GE
and normal observations (output = +1) classified as not grazed. All
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supervised and semi-supervised ML models were implemented using the
scikit-learn library [39] in Python (version 1.7.2).

2.6. Performance evaluation framework

2.6.1. Part A: grazing event detection performance

Detection performance was evaluated using both observation-level
and event-level metrics. Observation-level metrics treated each mea-
surement as an independent classification decision and included preci-
sion, recall, F1 score, and accuracy, calculated from confusion matrix
elements where TP = true positives (correctly predicted grazed), TN =
true negatives (correctly predicted not grazed), FP = false positives
(incorrectly predicted grazed), and FN = false negatives (incorrectly
predicted not grazed). Event-level detection assessment compared pre-
dicted GE against GPS ground truth within the +7 day temporal toler-
ance window. For each GPS-confirmed event, a true positive detection
was recorded if any observation within the tolerance window was
classified as grazed. GPS events with no detections within the window
were counted as false negatives. Predicted GE not matching any GPS
event within the tolerance window were counted as false positives. This
evaluation approach accounts for temporal uncertainty whilst
rewarding models that detect GE within operationally relevant time
windows. Confusion matrices were constructed for each validation
scenario (RPM within-year, RPM cross-year, MQ within-year, MQ cross-
year) showing the distribution of true positives, false positives, false
negatives and true negatives. Farm-level detection performance was
assessed by calculating F1 scores independently for each farm, enabling
identification of regional and operational differences in model
performance.

2.6.2. Part B: pasture utilisation agreement analysis

The second evaluation component assessed agreement between RPM
and satellite-derived PU measurements for GPS-confirmed GEs, inde-
pendently of detection model performance. This analysis addressed
whether satellite systems can accurately quantify PB changes when
grazing actually occurs, separating measurement agreement from
detection accuracy. For each GPS-confirmed GE, pre-grazing and post-
grazing PB measurements were extracted from both RPM and MQ
datasets using biologically informed temporal windows. Pre-grazing
cover was defined as the peak PB observation occurring within a
search window bounded by: (1) the end date of the previous GE on the
same paddock plus 1 day, or (2) 21 days before the current event start
date if no previous event existed or if the inter-event gap exceeded 21
days. This window captures the maximum pasture accumulation before
grazing whilst avoiding contamination from previous grazing periods.
Post-grazing PB cover was defined as the minimum PB observation
occurring between the GE end date and up to 5 days afterward,
capturing the lowest residual PB immediately following livestock
removal.

Events were excluded from PU analysis if either pre-grazing or post-
grazing observations were unavailable within the specified windows, or
if calculated removal (pre-grazing minus post-grazing biomass) was
negative, indicating measurement errors or data quality issues. For
events with valid measurements from both RPM and MQ datasets, the
following PU metrics were calculated: Pre-grazing PB (kg DM ha™):
Peak PB before grazing ; Post-grazing PB (kg DM ha™!): Minimum re-
sidual after grazing; Removal (kg DM ha™): Pre-grazing minus post-
grazing biomass.

Agreement between PB estimates using RPM and satellite-derived
measurements was quantified using Pearson correlation coefficient (r),
RMSE, and bias. Correlation assessed the strength of linear relationship
between measurement systems. RMSE quantified absolute disagree-
ment:
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RMSE — \/Z?l (RPM; — Saltellitei)2
n

Bias quantified systematic over- or under-estimation by satellite
measurements:

S (Satellite; — RPM;)
n

Bias =

where n is the number of matched events. Positive bias indicated sat-
ellite over-estimation relative to RPM, whilst negative bias indicated
under-estimation. Agreement analysis was conducted separately for pre-
grazing PB, post-grazing PB and removal to identify which PU compo-
nents exhibited strongest concordance between measurement systems.
Farm-level agreement was assessed by calculating correlation co-
efficients independently for farms with >3 matched events, enabling
identification of site-specific factors influencing measurement
concordance.

All analyses were conducted in Python (version 3.11.4). For each
validation scenario, model performance metrics were computed inde-
pendently on training and testing periods. Statistical significance of
correlations was assessed using two-tailed t-tests with significance
threshold a = 0.05. Comparison between RPM and MQ datasets enabled
quantitative assessment of operational value added by temporal densi-
fication through satellite interpolation relative to sparse field measure-
ments alone.

3. Results

The detection validation framework comprised four datasets span-
ning two production years. Year-to-year comparison revealed increased
grazing prevalence (51.3-51.4 % in Year 1 vs. 57.6-58.3 % in Year 2)
and declining mean PB (2730-2747 vs. 2601-2616 kg DM ha™),
consistent with variable seasonal conditions. Both RPM and MQ datasets
captured similar biomass ranges (1135-3860 kg DM ha™'), providing
comparable feature distributions despite differing temporal resolutions.

3.1. Grazing event detection performance

3.1.1. Model performance comparison

Eleven detection approaches were evaluated across four validation
scenarios (RPM/MQ x Within-Year/Cross-Year), yielding 56 model
configurations. Random Forest achieved the highest within-year per-
formance for both RPM (F1 = 0.878, precision = 0.938, recall = 0.825)
and MQ datasets (F1 = 0.853, precision = 0.885, recall = 0.823). For
cross-year validation, OCSVM demonstrated superior temporal trans-
ferability, achieving F1 = 0.692 for RPM and F1 = 0.626 for MQ
(Table 1).

Performance degradation from within-year to cross-year validation
averaged 24.2 % for supervised models (RPM: F1 decline from 0.747 to
0.562; MQ: F1 decline from 0.733 to 0.518) (Fig. 3). Tree-based
ensemble methods (Random Forest, XGBoost, Gradient Boosting, Extra
Trees) consistently outperformed other model families. Within-year
scenarios showed 9 of the top 10 configurations, with F1 scores
ranging from 0.752 to 0.878, all from tree-based models applied to
either RPM or MQ data (Fig. 2). Threshold-based approaches achieved
maximum F1 of 0.554 (High Sensitivity, RPM Cross-Year), whilst linear
models (Logistic Regression) and probabilistic classifiers (Naive Bayes)
demonstrated limited effectiveness (F1 < 0.622 across all scenarios).

OCSVM exhibited contrasting behaviour, performing poorly within-
year (F1 = 0.321 for RPM, 0.291 for MQ) but substantially better cross-
year (F1 = 0.692 for RPM, 0.626 for MQ), outperforming all supervised
models in temporal transferability assessment. The comprehensive
performance heatmap revealed distinct patterns across all 56 configu-
rations, with tree-based methods showing consistent strong performance
(F1 > 0.75) in within-year scenarios but substantial degradation in
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Table 1
Model performance and independent variables.

Part A: Best Model Performance by Validation Scenario

Validation Data Model Precision  Recall F1 Accuracy

Scenario Source

Within-Year RPM Random 0.938 0.825 0.878  0.882
Forest

Within-Year MQ Random 0.885 0.823 0.853 0.854
Forest

Cross-Year RPM OCSVM 0.61 0.799 0.692  0.584

Cross-Year MQ OCSVM 0.599 0.655 0.626 0.549

Part B: Independent Variables Used in Model Training

Feature Category Feature Name Description

Biomass (n=2) Pasture Biomass (PB) Current observation pasture
biomass (kg DM/ha)

Next PB Next observation pasture
biomass (kg DM/ha)
Temporal (n=9) day_of year Day of year (1-365)
week_of_year Week of year (1-52)
Week Calendar week number
Month Calendar month (1-12)
Year Calendar year

Season_Autumn Binary indicator for autumn
season

Binary indicator for spring
season

Binary indicator for summer
season

Binary indicator for winter
season

Time interval between
consecutive observations
(days)

Change in biomass between
observations (kg DM/ha)
Absolute biomass change (kg
DM/ha)

Biomass change as
percentage of initial biomass
(%)

Daily rate of biomass change
(kg DM/ha/day)

Season_Spring
Season_Summer
Season_Winter

Derived (n=5) days_interval

biomass_change
biomass_change_abs

disappearance_rate

rate_per_day

Note: Within-Year scenarios trained and tested on different temporal periods
within Year 1 (Jul 2022 - Jun 2023). Cross-Year scenarios trained on Year 1 and
tested on Year 2 (Jul 2023 - Jun 2024). RPM = Rising Plate Meter dataset; MQ =
Multiquadric interpolated satellite dataset. All models used the same 13 inde-
pendent variables (after one-hot encoding of Season into 4 binary indicators). No
feature selection procedure was performed. Models were implemented using
scikit-learn library in Python.

cross-year contexts (Fig. 4). RPM-based models marginally out-
performed MQ-based models in cross-year scenarios (average F1 dif-
ference: +0.044), with 12 of 14 model types showing higher RPM
performance. Random Forest, Extra Trees, and XGBoost maintained F1
> 0.638 on RPM cross-year validation, compared to F1 > 0.602 for the
same models on MQ data.

3.1.2. Temporal transferability assessment

Random Forest demonstrated strong within-year performance on the
RPM dataset, correctly classifying 878 of 1064 grazed observations (true
positives) and 953 of 1011 non-grazed observations (true negatives),
whilst misclassifying 58 as false positives and 186 as false negatives
(accuracy = 0.882). However, when this model was applied to cross-
year validation, performance degraded substantially (F1 decline from
0.878 to 0.642), consistent with the 24.2 % average degradation
observed across supervised models (Fig. 3). OCSVM exhibited con-
trasting temporal characteristics, achieving F1 = 0.692 on cross-year
validation despite weaker within-year performance. The cross-year
confusion matrix revealed 406 true positives and 103 true negatives
against 260 false positives and 102 false negatives (accuracy = 0.584).
Critically, OCSVM outperformed Random Forest by 0.049 F1 points (7.6
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Fig. 2. Performance comparison of the top 15 model configurations for grazing event detection, ranked by F1 score. Bars are coloured by validation scenario: maroon
(RPM within-year), teal (MQ within-year), light coral (RPM cross-year), and light seagreen (MQ cross-year). RPM = Rising Plate Meter; MQ = Multiquadric

interpolated satellite estimates.
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Fig. 3. Performance degradation from within-year to cross-year validation. Percentage decline in F1 score when models trained on Year 1 (Jul 2022-Jun 2023) were
tested on Year 2 (Jul 2023-Jun 2024). Maroon bars: RPM dataset; teal bars: MQ = Multiquadric interpolated satellite estimates dataset. RPM = Rising Plate Meter;

MQ = Multiquadric interpolated satellite estimates.

% relative improvement) when both models were evaluated on Year 2
test data, demonstrating superior generalisation to novel temporal
conditions. This advantage stemmed from OCSVM higher recall (0.799
vs 0.661) at the cost of reduced precision (0.610 vs 0.625).

Cross-year evaluation across all 10 detection approaches revealed
three distinct performance tiers. The anomaly detection method
(OCSVM, F1 = 0.692) achieved the highest transferability. Tree-based
ensemble methods formed a second tier (Extra Trees, Random Forest,
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Fig. 4. Comprehensive performance heatmap showing F1 scores for all 56 model configurations (14 models x 4 validation scenarios). Cell colours range from red
(poor, F1 < 0.4) to green (strong, F1 > 0.8). RPM = Rising Plate Meter; MQ = Multiquadric interpolated satellite estimates.

Gradient Boosting, XGBoost: F1 = 0.639-0.647), maintaining moderate
but degraded performance. Distance-based, linear, and probabilistic
classifiers demonstrated poor temporal transferability (K-Nearest
Neighbours, CART, Logistic Regression, SVM, Naive Bayes: F1 =
0.383-0.597), with SVM and Naive Bayes particularly affected by tem-
poral distribution shifts.

3.1.3. Farm-level detection variability
Farm-level performance exhibited substantial heterogeneity across

the 12 farms, with F1 scores ranging from 0.500 to 0.815 (mean = 0.675,
SD = 0.084, coefficient of variation = 0.124) when applying OCSVM to

0.9

0.8

F1 Score

0.6

cross-year validation data (Fig. 5). The highest-performing farm (Farm
8, Mid Coast) achieved F1 = 0.815 across 65 observations (46 grazed),
whilst the lowest-performing farm (Farm 4, North Coast) recorded F1 =
0.500 across 34 observations (27 grazed), representing a 63 % relative
difference in detection effectiveness. Regional patterns emerged when
aggregating farm-level performance. Mid Coast farms (n = 3: Farms 2, 8,
9) demonstrated the strongest detection performance (mean F1 = 0.735
+ 0.072, range 0.676-0.815) across 211 total observations with 58.8 %
grazing prevalence. North Coast farms (n = 4: Farms 3, 4, 6, 12)
exhibited intermediate performance (mean F1 = 0.662 + 0.113, range
0.500-0.761) across 257 observations with 64.6 % grazing prevalence,

0.5 -¢Farm4
0.4 )
Mid Coast North Coast South Coast
Region

Fig. 5. Farm-level detection performance variability for OCSVM cross-year validation across the 12 commercial dairy farms grouped by coastal region. Boxplots
show median, interquartile range, and range, with mean indicated by diamond symbol. Horizontal dashed line indicates overall mean (F1 = 0.675).
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though with notably higher variability (SD = 0.113) than other regions.
South Coast farms (n = 5: Farms 1, 5, 7, 10, 11) recorded the lowest
regional mean (F1 = 0.649 + 0.059, range 0.595-0.744) across 403
observations despite the most consistent performance (SD = 0.059) and
intermediate grazing prevalence (54.1 %). The substantial between-
farm variability (range = 0.315 F1 points) exceeded the between-
region variability (range = 0.086 F1 points between regional means),
indicating that farm-specific factors exerted stronger influence on
detection performance than broad regional characteristics. Within the
North Coast region, performance ranged from F1 = 0.500 (Farm 4) to F1
= 0.761 (Farm 12), demonstrating that high- and low-performing op-
erations coexisted within the same climatic and geographic conditions.

3.1.3.1. Drivers of farm-level performance variability. To identify factors
influencing detection performance heterogeneity, we examined corre-
lations between farm-level F1 scores and five operational characteristics
across the 12 study farms. Grazing intensity (mean stocking rate during
lactating herd grazing: 82.2 cows/ha, range: 43.0-161.4 cows/ha)
exhibited a moderate negative correlation with F1 scores (r = -0.504),
suggesting farms operating at higher stocking densities experienced
reduced detection accuracy. This relationship may reflect more rapid
biomass depletion under intensive grazing, which compresses the tem-
poral detection window available for satellite observation between
grazing events.

Observation density (mean: 14.7 observations per paddock, range:
5.4-22.4) showed a moderate positive correlation with F1 scores (r =
0.392), indicating farms with denser temporal sampling achieved
marginally better detection performance. However, paddock area
(mean: 3.6 ha, range: 1.3-6.7 ha; r = -0.028), grazing prevalence (mean:
58.3 % of observations classified as grazed, range: 44.4-79.4 %; r =
0.188), and mean grazing duration (mean: 2.5 days, range: 1.5-4.7 days;
r = 0.032) demonstrated negligible relationships with detection accu-
racy. These patterns suggest that management intensity (stocking rate)
may influence detection performance more strongly than spatial char-
acteristics, temporal sampling frequency, or individual event duration
alone, though the correlational nature of this analysis and small sample
size (n=12 farms) preclude definitive causal inference.

3.2. Pasture biomass and utilisation agreement

Agreement analysis included 218 of 1124 GPS validation events
(19.4 %) where concurrent pre- and post-grazing measurements were
available for both RPM and satellite systems. Exclusion occurred
randomly due to measurement timing constraints (484 events lacked
post-grazing RPM observations, 370 lacked pre-grazing observations),
not based on event characteristics. The resulting sample spanned both
production years (Year 1: 84 %, Year 2: 16 %) with seasonal represen-
tation across summer (39 %), autumn (39 %), spring (15 %), and winter
(7 %).

Exclusion rates varied seasonally but remained systematically high
across all periods. Autumn exhibited the highest inclusion rate (24.1 %,
85 of 352 events), followed by summer (21.2 %, 85 of 400), spring (15.5
%, 32 of 207), and winter (9.7 %, 16 of 165). Despite seasonal variation,
all periods demonstrated exclusion rates exceeding 75 %, reflecting the
compound probability of obtaining cloud-free satellite observations
both immediately before and after grazing events. Excluded events
exhibited similar duration characteristics (mean = 2.60 + 2.60 days)
compared to included events (mean = 2.86 + 2.58 days), confirming
that exclusions occurred due to temporal measurement constraints
rather than systematic differences in event characteristics.

3.2.1. Pre- and post-grazing biomass agreement

Pre-grazing PB estimates exhibited near-perfect agreement between
measurement systems (R*> = 0.966, p < 0.001), with satellite estimates
averaging 2934 + 417 kg DM ha™' compared to RPM measurements of
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2913 + 422 kg DM ha™'. Bland-Altman analysis revealed minimal sys-
tematic bias (+20 kg DM ha™', 0.7 % of mean), though with moderate
random variation (SD = 78 kg DM ha™’, 95 % limits of agreement: -132
to +173 kg DM ha™). Both systems captured comparable PB ranges
(RPM: 1632-3720 kg DM ha™'; satellite: 1679-3720 kg DM ha™),
spanning typical pre-grazing conditions from winter recovery to peak
spring growth. Post-grazing PB demonstrated exceptional agreement (R*
= 0.998, p < 0.001), with satellite estimates (2536 + 459 kg DM ha™')
nearly identical to RPM measurements (2539 + 461 kg DM ha™'). Sys-
tematic bias was negligible (-4 kg DM ha™, -0.1 % of mean) with min-
imal random variation (SD = 20 kg DM ha!, 95 % limits of agreement:
-43 to +36 kg DM ha™). The substantially tighter agreement for post-
versus pre-grazing measurements (SD reduction from 78 to 20 kg DM
ha™') reflected reduced spatial heterogeneity following defoliation,
where both measurement systems converged on more uniform residual
sward heights.

3.2.2. Biomass removal and utilisation agreement

Pasture biomass removal estimates showed strong agreement be-
tween measurement systems (R? = 0.922, p < 0.001, RMSE = 83 kg DM
ha™), with satellite-derived values (398 + 286 kg DM ha™') marginally
exceeding RPM measurements (374 + 274 kg DM ha™'). Bland-Altman
analysis identified small but consistent positive bias (+24 kg DM ha™,
6.4 % of mean removal) with 95 % limits of agreement spanning -132 to
+180 kg DM ha™ (Fig. 6).

Farm-level correlations ranged from R* = 0.659 to R* = 0.992 (mean
= 0.920), with RMSE varying from 14 to 230 kg DM ha™! (mean = 65 kg
DM ha™') across the 12 commercial operations (Fig. 7). Regional clus-
tering within the farm-level scatter demonstrated consistent measure-
ment agreement despite diverse management practices and
environmental conditions, with all farms tracking close to the 1:1
agreement line. Agreement strength varied systematically with grazing
intensity. Low-utilisation events (<10 % removal, n = 104) exhibited
moderate correlation (R?> = 0.460, RMSE = 77 kg DM ha™) with mean
removal of 169 kg DM ha™! (RPM) versus 193 kg DM ha™' (satellite).
Medium-utilisation events (10-20 %, n = 73) demonstrated stronger
agreement (R? = 0.764, RMSE = 56 kg DM ha™') at 402 versus 423 kg
DM ha'. High-utilisation events (>20 %, n = 41) maintained strong
correlation (R? = 0.719) despite larger absolute errors (RMSE = 126 kg
DM ha') at mean removals of 844 versus 873 kg DM ha™'. The positive
bias (+24 to +29 kg DM ha™') remained consistent across utilisation
categories, whilst correlation strengthened and proportional error
declined as grazing intensity increased.

Pasture utilisation rate agreement paralleled removal patterns (R*> =
0.943, p < 0.001, RMSE = 2.3 %), with satellite estimates (13.6 + 9.3
%) closely matching RPM measurements (12.8 + 9.1 %). Bland-Altman
bias was minimal (+0.7 percentage points, 5.5 % of mean) with tight
limits of agreement (-3.6 to +5.1 percentage points). Paddock-level pre-
and post-grazing biomass measurements (Fig. 8) illustrated concordance
between systems across representative farms from each region, where
RPM and satellite estimates tracked closely despite varying seasonal
conditions and grazing intensities (range: 1402-3720 kg DM ha™). The
observed concordance reflects the training relationship between mea-
surement systems, as satellite estimates were derived from a model
trained on RPM ground truth data. Both measurement systems suc-
cessfully captured the transition from pre-grazing peaks approaching
3000 kg DM ha™ to post-grazing residuals near 1800 kg DM ha’,
demonstrating consistent PB quantification across the full range of
pasture utilisation scenarios.

4. Discussion
This study evaluated supervised (RF) and semi-supervised (OCSVM)
ML approaches for automated GE detection and PU quantification from

RPM measurements and interpolated Sentinel-2 satellite data across 12
commercial dairy farms in New South Wales. This work represents

117



B.N. Azubuike et al.

800

Smart Agricultural Technology 14 (2026) 101954

700
‘\_g 600
=
[(m]
o 500
=
s
[ 400
o
o
= 300
Q
©
@
3 200 _ o e @ ——mo- +1.96 SD: +180.0 kg/ha
5
g 100
() ) i
Perfect Agreement - W SENESUOBRISMBI® 99, (@ -0 ¢ -2 g¥ 4 @0 @'
-100
————————————————————————— 1.96 SD: -132.2 kg/ha
0 500 1000

Mean Removal [(RPM + Satellite) / 2] (kg DM/ha)

Fig. 6. Bland-Altman analysis of biomass removal agreement between measurement systems. Difference (Satellite - RPM) plotted against mean removal for 218
matched grazing events. Horizontal solid red line indicates bias (mean difference: +23.9 kg DM ha™'); dashed red lines show 95 % limits of agreement (-132.2 to
+180.0 kg DM ha™). Grey dotted line represents perfect agreement (difference = 0). Points colored by region: brown (Mid Coast), sea green (North Coast), steel blue
(South Coast). Semi-transparent markers with slight jitter reveal density of overlapping observations. Clustering of points near zero difference indicates strong
measurement agreement, with satellite estimates showing small positive bias across the removal range.

among the first systematic evaluations of automated GE detection spe-
cifically for P-BDS, addressing the need for scalable monitoring ap-
proaches in rotational grazing management. The findings reveal both
the potential and limitations of these approaches for practical applica-
tion across diverse P-BDS, particularly the challenges of temporal
transferability when models are applied to years with environmental
conditions differing from those in the training data.

4.1. Grazing event detection performance and temporal transferability

The within-year classification performance of RF for GE detection
(Table 1) compares favourably to similar vegetation disturbance
detection tasks in grassland systems. Studies on grassland mowing
detection using comparable satellite data and ML approaches have re-
ported Fl-scores ranging from 0.61 to 0.94, depending on environ-
mental conditions and temporal data availability [40,41]. The superior
detection performance observed in this study likely reflects the distinct
PB disappearance signatures associated with concentrated pasture
intake in rotational grazing systems, where rapid complete utilisation of
designated paddocks creates more pronounced temporal signals than the
gradual PB removal in continuous or extensive grazing regimes. The
consistency of RF performance across the three study regions (Fig. 7)
suggests that the model successfully captured these spectral-temporal
signatures of grazing disturbance despite regional variations in pasture
composition, climate, and management practices.

Temporal transferability analyses revealed substantial performance
degradation when models trained on Year 1 data were applied to Year 2
validation events (Fig. 3). This degradation aligns with findings from
crop classification studies documenting reduced accuracy when models
trained on single growing seasons encounter environmental variability
in subsequent years [42]. Hoppe et al. [43] observed F1-score reductions
from 82 % for single-day training to 61 % for full-season training, rep-
resenting degradation of 10-21 % due to phenological variability be-
tween years. The 24.2 % average performance degradation observed for
supervised models in this study exceeds these reported rates for crop
classification tasks [44], highlighting the importance of model selection
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for temporal transferability in GE detection systems. While Random
Forest achieved superior within-year detection performance, its reliance
on year-specific training data limited cross-year generalisation. In
contrast, the OCSVM semi-supervised framework demonstrated sub-
stantially better temporal robustness, outperforming supervised models
by 7.6 % in Year 2 validation despite substantially lower absolute per-
formance degradation. This pattern suggests that anomaly detection
approaches are better suited for multi-year deployment without annual
retraining. This heightened sensitivity to temporal shifts likely reflects
the interaction between multiple dynamic factors including pasture
species composition, seasonal growth patterns, grazing management
timing, and year-to-year climatic variability. Filippelli et al. [45] further
demonstrated that temporal cross-validation introduces systematic bias
in model evaluation, as training and testing on the same year fails to
account for interannual environmental variability. The primary driver of
temporal performance degradation appears to be between-year envi-
ronmental variability affecting pasture growth patterns and spectral
responses. Phenological development of pasture species varies between
years in response to temperature, rainfall, and soil moisture conditions.
These changes alter the baseline spectral-temporal trajectories against
which GE-induced PB reductions are detected, requiring model recali-
bration to maintain detection accuracy across multiple production
years.

The observation that RPM-based models marginally outperformed
MQ-based models in cross-year scenarios (average F1 difference of
+0.044) provides insights into how temporal interpolation affects
detection robustness when models are applied to subsequent years.
Whilst MQ interpolation enables denser time series by filling temporal
gaps between sparse RPM measurements, this process introduces
smoothing inherent in this process that may reduce detection robustness
under temporal environmental changes between years. Direct RPM
measurements, despite lower temporal frequency, better preserve the
abrupt biomass decline signals that occur during rotational grazing,
particularly when measurements are collected shortly before and after
grazing. This finding has implications for model training strategies,
demonstrating that detection accuracy depends not solely on temporal
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Fig. 7. Farm-level biomass removal agreement across measurement systems. Each point represents the mean removal estimate for one farm, calculated by averaging
all GPS-confirmed grazing events within that farm (n = 12 farms, 218 total events). Points show RPM versus satellite measurements, colored by region: brown (Mid
Coast, n = 3 farms), sea green (North Coast, n = 4 farms), steel blue (South Coast, n = 5 farms). Farm labels indicate individual operations (Farm 1-12). Grey dashed
line represents perfect agreement (1:1); red solid line shows linear regression. Regional clustering demonstrates consistent measurement agreement across diverse
management systems and environmental conditions, with satellite estimates tracking RPM measurements across the full range of grazing intensities.

resolution but also on how well the measurement approach captures the
rapid PB disappearance events that occur during rotational grazing.
However, the marginal nature of this advantage (+0.044 F1) suggests
that interpolation remains valuable for improving within-year detection
performance, with the trade-off between temporal density and signal
preservation requiring careful consideration in practical applications.

The mechanism underlying this performance difference relates to
how interpolation algorithms construct continuous time series from
discrete observations. Multiquadric radial basis function interpolation
generates smooth transitions between measured points by minimising
curvature, which reduces abrupt variations in the resulting time series.
In rotational grazing systems, genuine GE manifest as rapid biomass
disappearance over 24 to 48 h, creating sharp temporal signals in direct
measurements. The interpolation process necessarily dampens these
sharp signals by distributing biomass changes across multiple interpo-
lated points between actual measurements, making the characteristic
rapid decline signature less pronounced. This smoothing effect reduces
model sensitivity to abrupt grazing-induced changes whilst improving
temporal coverage, explaining why RPM-based models maintained
slightly higher cross-year detection performance despite lower temporal
density.

The superior performance of RF compared to OCSVM for within-year
GE detection (Table 1) reflects fundamental differences in how these
approaches model the detection task. RF constructs ensemble decision
boundaries from labelled training data, learning complex nonlinear
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relationships between spectral-temporal features and GE occurrence,
enabling it explicitly to distinguish grazed from ungrazed observations
based on supervised examples. This supervised learning paradigm excels
when training and testing data share similar environmental conditions,
as the model interpolates within the feature space defined by training
samples. In contrast, OCSVM operates in a semi-supervised paradigm,
learning a decision boundary around normal pasture growth patterns
without explicit GE labels. This approach treats GE as anomalies rather
than as a distinct class, making it more susceptible to extrapolation er-
rors when environmental conditions in application years differ from the
training year. The ensemble nature of RF provides additional robustness
through averaging predictions across multiple decision trees; each
trained on different bootstrap samples of the training data. This aver-
aging reduces sensitivity to individual training samples whilst capturing
diverse aspects of the GE detection signal. However, this same ensemble
averaging can lead to overfitting when the training data inadequately
represent the environmental variability encountered during operational
deployment, explaining why RF performance degraded more substan-
tially than OCSVM under cross-year validation. Meyer and Pebesma
[46] characterised this challenge as the need to estimate the area of
applicability for spatial prediction models, arguing that models should
explicitly quantify when predictions extend beyond the environmental
conditions represented in training data.

Despite its lower absolute performance, OCSVM nonetheless dem-
onstrates the feasibility of semi-supervised approaches for GE detection
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Fig. 8. Paddock-level pre-grazing (darker) and post-grazing (lighter) biomass from RPM (Panel A) and satellite (Panel B) measurements for representative farms from
each region (Farm 2, Mid Coast; Farm 12, North Coast; Farm 1, South Coast). Horizontal dashed and dotted lines indicate pre- and post-grazing targets (3000 and

1800 kg DM ha™), respectively.

when labelled training data are limited or unavailable for specific years.
The approach offers particular value in scenarios where obtaining
contemporaneous RPM measurements is resource-intensive, as it re-
quires training data from only a single reference year to establish
baseline patterns. Recent advances in unsupervised adaptation tech-
niques for remote sensing applications suggest potential pathways for
improving cross-year transferability through transfer learning frame-
works that explicitly model temporal shifts in feature distributions such
as adversarial learning and self-training [47]. Future iterations of this
approach could incorporate such techniques to enhance OCSVM per-
formance, potentially combining limited labelled data from the target
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year with extensive historical data through transfer learning frameworks
that explicitly model temporal environmental changes. To explore this
direction, a preliminary hybrid scenario was evaluated wherein RF was
retrained on Year 1 data augmented with increasing proportions of
labelled Year 2 calibration data (10 %, 20 %, and 30 %). Results indi-
cated that adding 10 % Year 2 calibration data (n = 87 observations)
produced inferior performance relative to OCSVM (F1 = 0.676, Preci-
sion = 0.632, Recall = 0.726), whilst augmenting with 20 % (n = 174)
yielded comparable performance (F1 = 0.693, Precision = 0.651, Recall
= 0.742). The best hybrid scenario, incorporating 30 % Year 2 calibra-
tion data (n = 261), achieved marginal improvement over OCSVM (F1 =
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0.708, Precision = 0.648, Recall = 0.781 vs OCSVM F1 = 0.692, Pre-
cision = 0.610, Recall = 0.799, +2.4 % relative improvement). These
findings suggest that even modest Year 2 data augmentation can
partially recover supervised model performance; however, the require-
ment for labelled Year 2 calibration data reduces the practical utility of
RF approaches, as OCSVM achieves comparable temporal transferability
without any target-year labels. This balance between ground-truth data
requirements and detection accuracy represents an important consid-
eration for the practical application of satellite-based grazing moni-
toring systems.

The regional consistency of RF performance (Fig. 7) suggests that
within-year models can generalise effectively across spatially diverse
farming environments, provided that training data adequately represent
the range of pasture types, management intensities, and environmental
conditions present in the target region. This finding supports the
viability of developing regional or state-level GE detection systems
trained on representative multi-farm datasets, rather than requiring
farm-specific model training. However, the temporal transferability
limitations of supervised models indicate that RF-based models would
require annual retraining or updating with contemporary reference data
to maintain classification accuracy across multiple years. In contrast, the
superior cross-year performance of OCSVM demonstrates viability for
multi-year deployment with reduced retraining requirements, though
accepting lower absolute detection accuracy in exchange for temporal
robustness.

4.2. Pasture utilisation agreement and measurement quality

Beyond GE detection, this study evaluated the agreement between
satellite-derived PU estimates and independent RPM measurements
across 218 GPS-confirmed GE. The observed agreement levels (Fig. 6)
demonstrate that Sentinel-2 spectral indices can quantify PB removal
with sufficient accuracy to support farm-level pasture management de-
cisions, whilst revealing important measurement considerations
affecting quantification reliability. The strong agreement between
satellite-derived and RPM-based PU estimates for pre-grazing and post-
grazing PB (Fig. 8) indicates that interpolated Sentinel-2 observations
capture pasture states with high accuracy when temporal bracketing is
adequate. The slightly lower agreement for PB removal calculations
reflects the propagation of measurement uncertainties through the dif-
ference calculation, where small errors in both pre-grazing and post-
grazing estimates compound. This pattern is consistent with error
propagation principles and highlights a fundamental challenge in
difference-based PB quantification approaches. Satellite-derived esti-
mates must capture not just absolute PB levels but also the magnitude of
rapid dairy cow pasture intake events, which introduces additional un-
certainty compared to simple PB state estimation. Similar agreement
patterns have been reported in other Sentinel-2 based pasture moni-
toring studies in Australian dairy systems, with reported R? values
ranging from 0.60 to 0.94 depending on calibration approaches and
environmental conditions [19].

The farm-level heterogeneity in agreement patterns (Fig. 8) provides
insights into factors affecting PU quantification reliability. Farms
achieving higher correlation values between satellite and RPM mea-
surements typically exhibited more consistent grazing management
practices, with regular measurement intervals and reliable temporal
bracketing of GE. In contrast, farms with lower correlation values often
experienced irregular measurement schedules or GE occurring outside
the optimal temporal window for satellite observation. This variation
shows that satellite-based PU quantification performs best within
structured rotational grazing systems where management practices align
with satellite revisit schedules, whilst becoming less reliable in more
flexible grazing regimes. These findings align with observations from
other satellite-based pasture validation studies, where measurement
frequency and temporal alignment between ground and satellite ob-
servations strongly influence agreement levels [15,48].
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Grazing intensity emerged as another factor influencing quantifica-
tion accuracy, with higher-intensity GE (complete paddock utilisation)
generally showing stronger agreement between measurement ap-
proaches than partial utilisation scenarios. Complete utilisation creates
larger spectral changes more readily detected by Sentinel-2, whilst
partial grazing generates subtler spectral signals that may approach the
detection threshold of satellite instruments. This intensity-dependent
accuracy has implications for system calibration, suggesting that
satellite-based approaches may require adjustment factors accounting
for expected grazing intensity levels within specific management con-
ditions. The comparison between RPM measurements and satellite-
derived PB estimates addresses a fundamental question about ground-
truth data quality in remote sensing validation studies. Whilst RPM
measurements are commonly treated as reference standards for pasture
assessment, they introduce their own uncertainties through sampling
variability, instrument calibration drift, operator technique, and con-
version from compressed sward height to PB using site-specific cali-
bration equations [49]. These measurement errors then propagate into
both the training labels used for model development and the validation
metrics used to assess satellite-derived estimates, creating potential
circularity in accuracy assessment.

However, several factors support the validity of RPM-based valida-
tion in this scenario. First, RPM measurements were collected system-
atically across multiple transects per paddock reducing individual
measurement variance through spatial averaging. Second, site-specific
calibration relationships between RPM readings and PB were devel-
oped using destructive sampling techniques conducted across the full
range of pasture conditions encountered in each region. Third, the
consistency of agreement patterns across farms and regions (Fig. 8)
suggests that RPM measurement errors are sufficiently controlled to
reveal systematic differences in satellite-derived PU accuracy rather
than being dominated by random RPM variance. This approach aligns
with recommendations from recent pasture remote sensing validation
studies emphasising the importance of systematic ground-truth collec-
tion protocols and site-specific calibrations [50,51].

The role of temporal interpolation in PU quantification presents a
complex trade-off between measurement frequency and signal preser-
vation. MQ interpolation enables PU estimation for GE occurring be-
tween sparse RPM measurement dates by constructing continuous PB
trajectories from discrete observations. However, the interpolation
process necessarily introduces smoothing that may obscure rapid PB
changes characteristic of intensive grazing. The similar agreement levels
observed for RPM-based and MQ-based PU estimates (Fig. 6) suggest
that interpolation errors remain within acceptable bounds for farm ap-
plications, though the magnitude of these errors likely varies with
measurement density, growth rate variability, and GE timing relative to
adjacent measurements.

An important limitation in PU quantification accuracy stems from
the assumption that all observed PB reduction represents dairy cow
pasture intake, when in fact pasture trampling, senescence, and weather
damage could also contribute to PB disappearance between measure-
ments. RPM measurements integrate all sources of PB change, not solely
intake, leading to potential overestimation of actual dairy cow pasture
intake. Satellite-derived estimates inherit this limitation when validated
against RPM measurements. Distinguishing pasture intake from other
loss mechanisms would require additional data sources such as behav-
iour sensors or complementary remote sensing modalities that separate
structural changes (trampling) from PB removal (intake).

Despite these measurement complexities, the demonstration that
satellite-derived estimates achieve strong agreement with RPM mea-
surements across diverse farm environments and grazing intensities
provides confidence in the practical utility of remote sensing approaches
for PU monitoring. The agreement levels observed in this study are
consistent with R? values reported in other Sentinel-2 based pasture
monitoring studies in Australian dairy systems [19,37].
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4.3. Operational implications for pasture-based dairy systems

The demonstrated performance of automated GE detection and PU
quantification presents practical opportunities for improving pasture
management in commercial dairy operations. Current industry practice
relies heavily on visual assessment or periodic RPM measurements,
which are time-intensive and provide limited temporal coverage. The
satellite-based approach demonstrated here enables continuous moni-
toring across entire farm areas without manual data collection, poten-
tially reducing labour requirements whilst maintaining management
decision accuracy. The choice between modelling approaches presents
distinct implementation requirements. Farms adopting supervised
models would need to maintain systematic RPM measurement pro-
grammes annually to generate training data for model recalibration, as
the cross-year performance degradation suggests regular retraining may
be necessary to maintain detection accuracy. Alternatively, OCSVM-
based detection requires training data from only a single reference
year to establish baseline pasture growth patterns, potentially enabling
multi-year deployment without annual recalibration, though at the cost
of reduced absolute detection accuracy (F1 = 0.692 vs. 0.878 for RF).
The spatial coverage advantages of satellite monitoring are particularly
relevant for larger dairy operations where manual measurement of all
paddocks becomes impractical. The 10-metre resolution of Sentinel-2
imagery provides sufficient detail for paddock-scale management de-
cisions in most commercial dairy systems. However, the temporal lim-
itations imposed by cloud cover and the 5-day revisit frequency mean
that satellite-based approaches would likely complement rather than
completely replace ground-based measurements. Maintaining some
level of RPM monitoring could enable validation of detection perfor-
mance and capture of rapid biomass changes between satellite
observations.

4.4. Limitations and future research directions

Four primary considerations emerge from this research that inform
deployment strategies and guide future development priorities. First,
temporal data alignment requirements, whilst validating the methodo-
logical approach on 218 events, limited validation comprehensiveness
to 19.4 % of total GPS-confirmed GE. This limitation does not reflect
methodological inadequacy but rather highlights the critical de-
pendency of satellite-based PU monitoring on dense temporal observa-
tions capable of bracketing discrete GE. The 218 successfully validated
events demonstrated strong agreement metrics (R> = 0.922-0.998),
establishing  proof-of-concept that the integrated detection-
quantification framework functions effectively when adequate tempo-
ral alignment exists. However, applications at commercial scale requires
substantially improved temporal coverage to capture the full spectrum
of management scenarios encountered across diverse farming
operations.

The fundamental challenge lies in capturing rapid PB changes
characteristic of rotational grazing, where paddock-level PB can decline
by 500-1500 kg DM ha! within 24-48 h during active grazing periods.
Current satellite revisit frequencies (Sentinel-2: 5 days nominal) com-
bined with cloud contamination constraints create temporal gaps that
miss these critical PB disappearance signals, preventing accurate pre-
grazing peak identification and post-grazing residual quantification for
the majority of GE. The compound probability of obtaining cloud-free
observations both immediately before and shortly after grazing ex-
plains why 80.6 % of events lacked complete temporal bracketing, with
missing observations exhibiting spatial clustering in coastal high-rainfall
regions and temporal clustering during winter cloud-prone periods
(inclusion rate: 9.7 % vs 24.1 % in autumn). However, even optimal
seasonal conditions (autumn) demonstrated 75.9 % exclusion rates,
indicating that the limitation reflects fundamental satellite revisit fre-
quency constraints compounded by cloud interference rather than sea-
sonal weather patterns alone. Despite these substantial temporal
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limitations, satellite-based GE detection remains appropriate for specific
applications. The 218 successfully validated events demonstrate that
when adequate temporal alignment exists, the approach achieves reli-
able detection accuracy and PU quantification. Current satellite systems
are most appropriate for: (1) retrospective analysis of grazing patterns
where timing precision is less critical, (2) farms with structured rota-
tional systems aligned with satellite revisit schedules, and (3) supple-
mentary validation of ground-based measurements rather than complete
replacement. However, use as a primary real-time monitoring tool re-
quires the temporal density improvements discussed below to capture
the majority of GE across diverse management scenarios.

Future research must prioritise achieving daily or near-daily biomass
observation density to overcome these constraints. Multi-sensor fusion
approaches integrating Sentinel-1 C-band SAR (6-day revisit, all-
weather capability) with Sentinel-2 optical imagery represent the most
promising pathway for achieving this temporal density. SAR backscatter
responds to vegetation structure and moisture content, providing PB-
sensitive measurements during cloudy conditions when optical sensors
fail [52]. Successful fusion of optical and SAR time series for grassland
mowing detection has demonstrated F1 scores of 89 % [40], suggesting
that similar integration could substantially improve GE detection reli-
ability whilst enabling continuous PU monitoring regardless of atmo-
spheric conditions. However, SAR-optical fusion for rotational grazing
in P-BDS requires addressing specific challenges including cross-sensor
calibration for PB estimation, temporal interpolation algorithms that
preserve abrupt intake signals and validation frameworks accounting for
different measurement principles.

Dense temporal observations offer multiple advantages beyond
simply increasing validation sample size. First, daily PB estimates have
potential to enable precise identification of pre-grazing peaks and post-
grazing minima at paddock scale, reducing temporal alignment uncer-
tainty that currently constrains removal accuracy. Second, continuous
time series will facilitate detection of gradual versus rapid PB changes,
improving discrimination between grazing-induced intake and
senescence-driven declines that currently confound detection during
extended intervals between measurements. Third, higher temporal
density improves interpolation quality by shortening the intervals be-
tween actual measurements, enabling interpolation across 1-2 day gaps
rather than 7-14 day periods typical of weekly to fortnightly RPM
collection schedules that was used in this present study, thereby mini-
mising error accumulation and reducing propagation of systematic
measurement bias from RPM calibration equations through MQ-derived
estimates. Fourth, paddock-level PB trajectories spanning complete
grazing cycles enable validation of growth rate predictions and residual
target compliance monitoring that single-timepoint measurements
cannot support. These advantages collectively transform satellite
monitoring from retrospective validation tools to prospective decision
support systems capable of informing real-time grazing management.

Additionally, the semi-supervised OCSVM framework, whilst
demonstrating superior temporal transferability, achieved moderate
absolute performance (F1 = 0.692) that may benefit from refinement for
autonomous use. Hybrid approaches combining OCSVM anomaly
detection for initial event flagging with supervised verification models
could potentially achieve both high transferability and improved pre-
cision, reducing false positive rates whilst maintaining robust recall
across diverse temporal conditions. Development of confidence scoring
mechanisms that quantify detection uncertainty would enable operators
to prioritise verification efforts on ambiguous classifications whilst
automating high-confidence detections. Furthermore, the study focused
on coastal regions in New South Wales, requiring validation across
diverse pasture species, climatic zones and management intensities to
establish broader applicability. The observed farm-level performance
heterogeneity (F1 range: 0.500-0.815) and its moderate inverse rela-
tionship with stocking rate (r = -0.504) suggest detection accuracy de-
pends on complex interactions between grazing management intensity,
pasture growth dynamics, and satellite observation frequency. Higher
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stocking rates may reduce detection performance by accelerating
biomass depletion, thereby narrowing the temporal window between
pre-grazing and post-grazing satellite observations. This finding has
implications: satellite-based grazing detection systems may require
farm-specific calibration or adaptive detection thresholds to account for
varying management intensities. Controlled experiments manipulating
stocking rate, rotation frequency and spelling duration whilst main-
taining consistent monitoring protocols would isolate how management
decisions influence detection reliability, informing best-practice guide-
lines for satellite-based grazing monitoring.

Finally, validation relied on GPS ground truth from 3 collared cows
per farm, which provided operational feasibility whilst introducing
potential limitations in capturing complete herd behaviour and sub-
paddock utilisation heterogeneity. Integration with complementary
ground truth sources including automated gate monitoring systems,
virtual fencing platforms and farm management software could
strengthen validation robustness whilst enabling detection of partial
grazing scenarios where livestock access only portions of designated
paddocks. Future research should explore optimal automated ground
truth collection strategies balancing data quality, operational costs and
commercial farming constraints.

5. Conclusion

This research established that machine learning based frameworks
can successfully automate grazing event detection in pasture-based
dairy systems, with Random Forest achieving within-year F1 scores of
0.878 and One-Class Support Vector Machine (OCSVM) demonstrating
superior temporal transferability with cross-year F1 scores of 0.692. The
contrasting performance patterns between supervised and anomaly
detection approaches reveal fundamental trade-offs between absolute
accuracy and temporal generalisation, with OCSVM semi-supervised
learning paradigm proving more robust to interannual variability in
pasture growth dynamics and management practices. These findings
establish that satellite-based grazing event detection is operationally
viable for commercial deployment when appropriate modelling strate-
gies are employed. Strong pasture utilisation agreement metrics (R* =
0.922-0.998) validated that satellite systems can accurately quantify
pre-grazing pasture biomass, post-grazing residuals and removal
amounts when adequate temporal alignment exists, supporting their use
as reliable data sources for automated monitoring frameworks. The
integration of automated detection with independent pasture biomass
quantification addresses critical gaps in current pasture monitoring
systems, with potential to enable data-driven stocking rate adjustments
and residual target compliance assessment without manual interven-
tion. However, model deployment requires substantially improved
temporal observation density to overcome the 80.6 % event exclusion
rate resulting from cloud contamination and satellite revisit constraints.
Multi-sensor fusion integrating Sentinel-1 synthetic aperture radar
(SAR) with Sentinel-2 optical imagery represents the most viable
pathway for achieving daily pasture biomass observations, enabling
interpolation across 1-2 day intervals rather than 7-14 day gaps typical
of current rising plate meter collection schedules. Dense time series
would transform satellite monitoring from retrospective validation tools
to prospective decision support systems capable of informing real-time
grazing management in commercial dairy operations.
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CHAPTER 7

Transfer learning and stacking ensembles for
biomass estimation from smartphone imagery in

pasture-based dairy systems

What if a simple smartphone photo could reveal pasture biomass instantly? Satellite imagery suffers
from cloud cover, expensive sensors remain impractical, and manual rising plate meters demand time
intensive labour. This chapter explores a practical ground-based alternative using everyday
smartphone imagery. We evaluate deep learning methodologies including transfer learning and
stacking ensembles combined with weather data to achieve optimal predictive accuracy for pasture
biomass estimation across diverse commercial dairy farm environments. The complete biomass
prediction implementation, including all experiments is available in the repository
(Chapter 7 Biomass Prediction from images notebook.ipynb). Key code excerpts are presented in

Appendix E.
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ARTICLE INFO ABSTRACT

Keywords:
Deep learning
Ensemble learning

Accurate estimation of pasture biomass is essential for optimising feed management in pasture-based dairy
systems. Traditional methods remain labour-intensive and impractical for frequent monitoring. Remote sensing
via satellites or unmanned aerial vehicles offers alternatives but is constrained by cloud interference and
infrastructure costs. This study investigates smartphone imagery as a scalable solution, evaluating 21 machine
learning configurations for predicting pasture biomass across 15 commercial dairy farms in New South Wales,
Australia. Ground-level red-green-blue images (n = 3291) were paired with rising plate meter measurements and
weather data to develop estimation models using transfer learning, ensemble methods, and multi-architecture
feature integration. Under random within-dataset partitioning, stacking ensemble combining pre-trained con-
volutional neural network features with hand-crafted vegetation indices and weather variables achieved R? =
0.561, MAE = 351 kg DM ha!, and RMSE = 437 kg DM ha?, representing a 48% improvement over baseline
hand-crafted features. Transfer learning using frozen ImageNet features outperformed deep learning trained from
scratch. Multi-architecture integration captured complementary information, with DenseNet121 features
dominating importance rankings. Weather data integration provided 5.9% performance improvement. Seasonal
performance varied substantially, with spring achieving highest accuracy (R? = 0.701, MAE = 308 kg DM ha™?)
during peak ryegrass growth and winter showing reduced performance (R? = 0.456, MAE = 375 kg DM ha™!).
However, leave-one-farm-out cross-validation revealed severe spatial generalisation constraints (mean R? =
—0.009, MAE = 399 kg DM ha™!, RMSE = 488 kg DM ha™!), exposing strong farm-specific dependencies that
limit predictive accuracy for unseen farm environments. These findings indicate that the proposed approach
performs best when target farms contribute to the training dataset; generalisation to completely new farm en-
vironments will require either substantially expanded training datasets or farm-specific adaptation strategies.

Pasture biomass
Spatial generalisation
Transfer learning

1. Introduction

Accurate quantification of pasture biomass (PB) represents a funda-
mental requirement for efficient grazing management in pasture-based
dairy systems (P-BDS). Optimal pasture allocation decisions depend
critically on precise estimates of available forage, yet traditional mea-
surement methods like the rising plate meter (RPM) remain labour-
intensive, time-consuming, and subject to considerable operator vari-
ability [1-4]. The RPM has emerged as the industry standard for

ground-based PB assessment, providing reasonable accuracy through
mechanical measurement of pasture height and density. However, this
approach requires extensive manual traversing of paddocks to obtain
representative samples, limiting its practical application for frequent
monitoring across large farm areas [1,5]. The imperative for more effi-
cient, scalable, and automated PB estimation methods has driven
growing interest in image-based monitoring approaches that leverage
advances in computer vision and machine learning (ML).

Recent progress in deep learning (DL) and computer vision has
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created unprecedented opportunities for automated agricultural moni-
toring through image-based analysis [6-8]. Convolutional neural net-
works (CNNs) have demonstrated remarkable capabilities in extracting
hierarchical visual features from imagery, enabling accurate prediction
of crop characteristics including biomass, yield, and quality parameters
[9-11]. Transfer learning (TL) approaches, which leverage knowledge
acquired from large-scale image datasets to initialise network weights,
have proven particularly effective for agricultural applications where
training data may be limited [12-14]. Pre-trained architectures such as
Residual Network 50 (ResNet50) and Visual Geometry Group 16
(VGG16) have become foundational tools for agricultural computer
vision applications, demonstrating effectiveness across diverse tasks
including plant disease detection, crop classification, and biomass esti-
mation [15-21].

Despite these technological advances, PB estimation from ground-
level imagery presents distinct challenges. Pasture canopies exhibit
substantial spatial heterogeneity at multiple scales, with complex three-
dimensional structure arising from varied plant architectures, growth
stages, and species composition (Harmoney et al., 1997). Temporal
dynamics introduce additional complexity, as pasture appearance varies
markedly across seasons and in response to environmental conditions
including temperature, rainfall, and solar radiation [22,23]. Further-
more, different grass species demonstrate divergent growth patterns and
visual characteristics, with cool-season ryegrass and warm-season
kikuyu exhibiting fundamentally different responses to environmental
drivers [24,25].

Existing ground-based biomass estimation studies have explored
diverse approaches ranging from hand-crafted feature engineering to DL
architectures, yet systematic comparisons of their relative merits for
pasture applications remain limited [26-32]. Hand-crafted features
based on colour indices, texture measures, and geometric properties
have demonstrated moderate success in grassland biomass prediction
but require substantial domain expertise for feature design and may not
adequately capture complex visual patterns [33-35]. Deep learning
methods can automatically learn hierarchical representations from raw
imagery but typically require extensive training data. [8,36,37]. The
potential benefits of combining these complementary approaches
through ensemble methods remain largely unexplored in ground-level
pasture monitoring contexts. Recent studies have demonstrated that
ensemble ML methods including Random Forest (RF), eXtreme Gradient
Boosting (XGBoost), and Gradient Boosting Machine (GBM) can achieve
superior performance compared to individual models [38-40], whilst
stacking approaches with meta-learning have shown promise for inte-
grating heterogeneous base learners [41]. However, these ensemble
strategies have not been systematically evaluated for ground-level
pasture imagery. A further critical and underexplored challenge is
spatial generalisation: whether models trained on data from known
farms can reliably predict biomass at new farm environments not rep-
resented during training, a prerequisite for practical adoption at scale.

Ground-level RGB imagery encodes PB information through several
visual signals. Canopy greenness, as captured by visible-band vegetation
indices such as the Excess Green Index and the Normalised Green-Red
Difference Index, correlates with chlorophyll content and leaf area,
both of which scale with above-ground dry matter accumulation in
temperate grasses [31]. Canopy texture, derived from spatial patterns in
pixel intensity, reflects sward density and leaf arrangement, providing
complementary structural information to colour-based indices [30].
However, RGB imagery has recognised limitations for PB estimation.
Prostrate species such as kikuyu present low canopy profiles that are
poorly differentiated by colour alone, and RGB sensors cannot directly
capture canopy height, which is a strong driver of dry matter content in
erect species like ryegrass [42]. Spectral saturation at high PB levels and
variable illumination conditions further constrain the sensitivity of
visible-band indices, establishing a practical ceiling on prediction ac-
curacy from RGB imagery alone regardless of model complexity. Addi-
tionally, the contribution of environmental variables such as weather
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data to image-based PB prediction has not been rigorously quantified,
despite evidence from satellite-based studies that they significantly in-
fluence prediction accuracy [43,44].

Critical questions remain unanswered regarding optimal model ar-
chitecture for operational PB estimation. It remains unclear whether TL
with pre-trained CNNs can outperform DL trained from scratch for
agricultural imagery with moderate sample sizes. The complementarity
of features from multiple CNN architectures has not been systematically
evaluated for pasture applications, though multi-architecture ap-
proaches have shown promise in other agricultural domains. The rela-
tive merits of different ensemble integration strategies, from simple
averaging to sophisticated stacking approaches with meta-learning,
require empirical assessment in previous PB monitoring domains.
Perhaps most importantly, the extent to which prediction accuracy
varies across grass species, farms, and temporal scales remains poorly
characterised, limiting confidence in model generalisation beyond
training conditions.

The present study addresses these knowledge gaps through system-
atic empirical and operational evaluation of established ML approaches
applied to a context where their combined performance has not previ-
ously been assessed: ground-level smartphone RGB imagery for PB
prediction across commercial P-BDS. While TL and ensemble methods
are individually well-established in agricultural computer vision, their
systematic evaluation for ground-level pasture imagery spanning mul-
tiple farms, species, and seasons, and including explicit assessment of
spatial generalisation, has not been reported in the literature. Three
research questions guided this investigation: (1) Can transfer learning
with stacking ensembles achieve operational accuracy for pasture
biomass prediction from smartphone imagery across diverse dairy
farms? (2) What is the relative contribution of deep learning features,
hand-crafted features, and weather variables to prediction accuracy? (3)
How does model performance vary across different grass species, sea-
sonal conditions and farm environments? To address these questions,
the primary objective was to identify optimal modelling configurations
for automated PB estimation from smartphone imagery suitable for
operational deployment in commercial P-BDS through comprehensive
comparison of 21 ML configurations including baseline models, end-to-
end DL, TL with four CNN architectures, multi-architecture ensembles,
hyperparameter optimisation, stacking approaches, data augmentation
strategies, and grass-specific modelling.

2. Materials and methods
2.1. Study area and data sources

The study was conducted across 15 commercial dairy farms in New
South Wales, Australia, representing diverse climatic conditions, soil
types, and management practices typical of temperate P-BDS. Farms
spanned coastal, tableland, and inland regions with mean annual rain-
fall ranging from 650 to 1100 mm. The dataset encompassed measure-
ments collected between April 2022 and July 2024, capturing
substantial temporal and spatial variability in pasture production across
multiple growing seasons and environmental conditions.

Pasture biomass measurements were obtained using the RPM, with
70 to 100 individual point measurements taken per paddock per
assessment day along transect paths to capture within-paddock spatial
heterogeneity. Compressed sward heights (CSH) were recorded and
converted to biomass using farm-specific calibration equations. These
calibration equations were established through destructive sampling
and oven-drying procedures at each farm, providing ground truth PB
estimates with established accuracy for Australian dairy pasture systems
[24,45]. These point measurements were averaged to provide a single
representative PB value for each paddock on each assessment date. The
final dataset comprised 3291 unique paddock assessments, with values
ranging from 1066 to 4622 kg DM ha! (mean = 2740 kg DM ha ™},
standard deviation = 638 kg DM ha’l, coefficient of variation = 23.3%)).
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Paddock images were captured using standardised smartphone
photography protocols to ensure consistency across farms and dates.
One representative photograph was taken per paddock on each mea-
surement occasion, acquired at ground level from a consistent height
and viewing angle. The image location within each paddock was
operator-selected on each visit to represent the general visual condition
of the sward, consistent with standard commercial dairy farm moni-
toring practice, though this introduces potential for operator-dependent
subjectivity in image placement. Paddocks across the 15 farms ranged
from 1.04 to 12.11 ha (mean 3.92 ha, median 3.69 ha), and within-
paddock spatial heterogeneity in biomass was partially mitigated by
the RPM transect protocol averaging 70 to 100 point measurements per
paddock. Images were stored in JPEG or HEIC format and subsequently
converted to JPEG for processing compatibility. Each image was
captured on the same day as RPM measurements to ensure temporal
correspondence between visual appearance and biomass ground truth.
The temporal distribution of measurements aligned with dominant
pasture species, with ryegrass assessments conducted from May to
November accounting for 2058 observations (62.6%), and kikuyu as-
sessments from December to April comprising 1231 observations
(37.4%).

Daily weather data were obtained for each farm location from the
nearest weather station. Eight weather variables were extracted for the
image capture date: maximum temperature (T.Max, °C), minimum
temperature (T.Min, °C), rainfall (Rain, mm), pan evaporation (Evap,
mm), solar radiation (Radn, MJ m’z), vapour pressure (VP, hPa), rela-
tive humidity at maximum temperature (RHmaxT, %), and relative
humidity at minimum temperature (RHminT, %). These variables pro-
vided environmental information for each image, potentially explaining
visual ambiguity arising from recent precipitation, temperature stress,
or growth conditions not directly visible in single time-point photo-
graphs. Missing weather data, which occurred for 27 observations
(0.82% of the dataset), were imputed using mean substitution. These
variables were selected to capture key environmental drivers of pasture
growth and canopy spectral properties that could provide valuable
contextual information for biomass prediction. All analyses were con-
ducted in Python (version 3.11.4) using scikit-learn (version 1.3.0),
TensorFlow (version 2.13.0), and XGBoost (version 1.7.6) libraries.

2.2. Image pre-processing

All images underwent standardised pre-processing prior to feature
extraction to isolate pasture-relevant visual information and ensure
compatibility with CNN architectures. Pre-processing comprised two
sequential operations applied consistently across the entire dataset.
Images originally in HEIC format were converted to JPEG using standard
conversion utilities. An automatic semantic segmentation approach
using the SegFormer-BO model pre-trained on the ADE20K dataset was
implemented to identify and remove sky pixels (class 2) and tree pixels
(class 4) from paddock images [46,47]. SegFormer-B0 was selected over
alternative segmentation architectures (e.g., DeepLab, U-Net) due to its
computational efficiency, requiring minimal processing time (~0.5 s per
image on standard hardware), whilst maintaining high segmentation
accuracy (mIoU = 0.37 on ADE20K validation set). The
transformer-based architecture of the model provided robust perfor-
mance without extensive hyperparameter tuning, facilitating repro-
ducible implementation across the full dataset. Segmentation
predictions were generated with default confidence thresholds, with all
pixels classified with probability >0.5 assigned to their respective
classes [46,47].

Identified sky and tree regions were removed through cropping to
the bounding box of remaining vegetation content rather than masking
to zero. This cropping approach was adopted to maximise the proportion
of informative pixels fed to CNN architectures whilst eliminating back-
ground distractors. Although cropping to bounding boxes removes some
spatial context, this trade-off was considered acceptable because PB
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estimation relies primarily on vegetation texture and colour properties
rather than absolute spatial positioning within the frame [31],
pre-trained CNN features from ImageNet capture vegetation patterns
independently of image dimensions [17,48], and preliminary testing
indicated minimal performance difference between cropping and
masking approaches, whilst cropping reduced computational overhead
during subsequent feature extraction.

Following segmentation and cropping, all images were resized to
224 x 224 pixels using bilinear interpolation to standardise spatial di-
mensions and match the input requirements of pre-trained CNN archi-
tectures [49]. Pixel intensity values were normalised to the range 0 to 1
by dividing 8-bit integer values by 255, ensuring compatibility with
ImageNet pre-trained networks. No explicit illumination normalisation
or colour constancy correction was applied during pre-processing. This
decision reflected a deliberate choice to preserve the natural spectral
characteristics of pasture imagery, as vegetation indices and CNN fea-
tures were hypothesised to learn robust representations across varying
lighting conditions present in the training data. The dataset encom-
passed images captured across multiple seasons, times of day, and
weather conditions (Section 2.1), providing natural exposure to illumi-
nation variability. However, this approach introduces a potential limi-
tation, as HSV colour features and vegetation indices may be sensitive to
extreme illumination variations (e.g., early morning shadows, overcast
conditions). Vegetation indices based on visible spectrum ratios, whilst
designed to minimise atmospheric and soil background effects, can
exhibit reduced sensitivity under highly variable lighting conditions
[50]. Similarly, HSV colour space separates chromaticity from intensity
but does not fully compensate for dramatic illumination changes
without explicit normalisation [51]. The impact of illumination vari-
ability on model performance is addressed in Section 4.6 (Limitations
and Future Research Directions), where illumination normalisation is
identified as a priority for future refinement.

Additionally, no additional colour space transformations, histogram
equalisation, or augmentation operations were applied during pre-
processing to preserve the original spectral characteristics of pasture
imagery. The pre-processing pipeline was designed for computational
efficiency whilst maintaining image quality sufficient for subsequent
feature extraction and model training.

2.3. Feature extraction

Four distinct feature types were extracted from each pre-processed
image to provide complementary information for pasture biomass pre-
diction: hand-crafted features, deep learning features from multiple
CNN architectures, temporal metadata, and weather variables. The
complete feature extraction pipeline generated 4959 features per image.
To address high dimensionality relative to sample size (3291 images),
mutual information regression was subsequently employed to select the
most informative features for model training.

2.3.1. Hand-crafted image features

A set of 67 hand-crafted features was computed using established
computer vision techniques implemented through OpenCV (version 4.5)
and scikit-image libraries. These features were selected to capture
spectral, textural, structural, and spatial properties known to correlate
with vegetation biomass in grassland systems. Colour features
comprised 30 dimensions quantifying spectral properties across red-
green-blue (RGB) and hue-saturation-value (HSV) colour spaces. For
RGB channels, seven statistical metrics were computed per channel
(mean, standard deviation, median, 25th percentile, 75th percentile,
skewness, kurtosis), yielding 21 RGB features. For HSV channels, three
statistical metrics were computed per channel (mean, standard devia-
tion, median), yielding 9 HSV features. These colour descriptors provide
basic spectral characterisation of vegetation density and greenness
distribution.

Vegetation indices specifically designed for green biomass
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quantification from visible spectrum imagery were selected based on
established performance in grassland monitoring studies. The Visible
Atmospherically Resistant Index (VARI), Green Leaf Index (GLI), Nor-
malised Green-Red Difference Index (NGRDI), and Excess Green Index
(ExG) have demonstrated robust relationships with chlorophyll content
and leaf area across diverse pasture conditions. These indices leverage
spectral band ratios to minimise sensitivity to illumination variation and
soil background effects. Summary statistics (mean, standard deviation,
and quartiles for ExG) were computed for each vegetation index,
yielding 11 vegetation index features including green ratio. Alternative
indices such as Red-Green-Blue Vegetation Index (RGBVI) and Colour
Index of Vegetation Extraction (CIVE) were not included as preliminary
testing indicated redundancy with the selected indices, contributing
minimal additional predictive information whilst increasing computa-
tional overhead.

Texture features totalling 14 dimensions were derived using two
complementary approaches to capture spatial patterns related to canopy
density and structure. Grey Level Co-occurrence Matrix (GLCM) analysis
following Haralick et al. [52] quantifies second-order statistical texture
properties by examining spatial relationships between pixel intensities.
GLCM matrices were computed at three spatial distances (1, 3, and 5
pixels) and four orientations (0°, 45°, 90°, 135°) from
greyscale-converted images. Five Haralick texture properties were
extracted from each GLCM: contrast, dissimilarity, homogeneity, en-
ergy, and correlation, with mean and standard deviation computed
across all  distance-orientation = combinations to  provide
rotation-invariant texture descriptors (10 features).

Additional texture characterisation employed Local Binary Pattern
(LBP) analysis with 24 sampling points at radius 3 pixels using the
uniform pattern variant [53]. LBP captures local microstructure patterns
complementary to GLCM by encoding relationships between central
pixels and their circular neighbourhoods, providing sensitivity to
fine-scale texture variations associated with leaf density. Four summary
statistics were computed from the LBP histogram: mean, standard de-
viation, maximum bin value, and low-frequency content (sum of first
five histogram bins) (4 features). Alternative texture descriptors such as
Gabor filters were not employed due to their high computational cost
and requirement for extensive parameter tuning (filter orientations,
frequencies, bandwidths) that would complicate reproducibility without
demonstrated performance advantages for pasture imagery in pre-
liminary testing.

Edge detection captures boundaries and discontinuities potentially
related to pasture height transitions and density gradients. Edge statis-
tics (mean and standard deviation) were computed from Canny edge
detection with thresholds of 50 and 150. These threshold values were
selected based on established computer vision practice for natural scene
imagery, where lower threshold (50) captures weak edges whilst upper
threshold (150) retains only strong edges, with their ratio of approxi-
mately 1:3 following the recommended guidelines established by Canny.
Whilst these fixed thresholds may exhibit reduced sensitivity under
extreme lighting conditions (harsh shadows, overcast skies), the inclu-
sion of weather variables and temporal metadata in the feature set
provides additional context to compensate for illumination variability.
Sobel gradient magnitudes in horizontal and vertical directions were
calculated, with overall gradient magnitude computed as the Euclidean
norm of these components. Summary statistics (mean, standard devia-
tion, 90th percentile) of gradient magnitude captured structural patterns
potentially related to pasture density and height. The 90th percentile
specifically captures strong gradient responses associated with pro-
nounced canopy structure whilst reducing sensitivity to noise.

Spatial features totalling 5 dimensions assessed within-image het-
erogeneity through quadrant-based analysis. Each image was divided
into four equal quadrants, with mean green channel intensity computed
for each quadrant. The standard deviation of these four quadrant means
quantified spatial variability in green biomass distribution. This coarse
spatial measure provides a computationally efficient indicator of
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biomass patchiness. More granular spatial statistics such as variogram
analysis or entropy-based measures could potentially capture finer-scale
heterogeneity but would substantially increase computational
complexity and feature dimensionality. Given the subsequent feature
selection step and the availability of hierarchical spatial representations
from CNN features, this simplified spatial descriptor was considered
sufficient for initial feature extraction. All hand-crafted features were
standardised to zero mean and unit variance using StandardScaler prior
to model training to ensure comparable scaling across features with
different measurement units and ranges.

2.3.2. Deep learning features

Transfer learning was implemented using four pre-trained CNN ar-
chitectures from the Keras Applications library: Residual Network 50
(ResNet50) [17], Visual Geometry Group 16 (VGG16) [54], Mobile-
NetV2 [55], and DenseNet121 [56].

The combination of four architectures was hypothesised to capture
complementary visual patterns relevant for biomass estimation, with
ResNet50 and DenseNet121 capturing hierarchical features at multiple
scales, VGG16 preserving fine-grained texture information, and Mobi-
leNetV2 providing efficient intermediate representations. This multi-
architecture approach parallels ensemble techniques in traditional ma-
chine learning, where combining predictions from diverse models
typically outperforms any single model by reducing variance.

All networks were initialised with ImageNet weights and employed
with their classification heads removed, using global average pooling to
generate fixed-length feature vectors. All convolutional layers remained
frozen during feature extraction to preserve learned representations
from ImageNet pre-training without task-specific fine-tuning. ImageNet
pre-training provides general-purpose visual features learned from 1.2
million natural images, establishing hierarchical representations of
edges, textures, and structural patterns. Whilst ImageNet contains pri-
marily natural scenes rather than agricultural imagery, low-level and
mid-level features such as edge detectors and texture filters transfer
effectively to pasture monitoring tasks. However, high-level semantic
features optimised for object recognition may not fully capture pasture-
specific patterns related to biomass density and canopy architecture,
representing a potential limitation of the transfer learning approach.

ResNet50 comprises 50 convolutional layers organised into residual
blocks with skip connections that facilitate training of very deep net-
works by mitigating vanishing gradient problems. The architecture was
loaded with ImageNet pre-trained weights, with final fully connected
classification layers removed. Global average pooling was applied to the
final convolutional layer output to produce a 2048-dimensional feature
vector per image. VGG16 implements a simpler sequential architecture
comprising 16 layers with small 3 x 3 convolutional filters and max
pooling operations. The network emphasises local texture patterns
through multiple stacked convolutions with small receptive fields.
Following the same protocol as ResNet50, pre-trained weights were
loaded, classification layers were removed, and global average pooling
was applied to the final convolutional output to generate 512-dimen-
sional feature vectors. MobileNetV2 employs inverted residual struc-
tures with linear bottlenecks designed for computational efficiency on
mobile devices, producing 1280-dimensional feature vectors through
global average pooling. DenseNet121 implements dense connectivity
patterns where each layer receives feature maps from all preceding
layers, facilitating feature reuse and gradient flow, yielding 1024-
dimensional feature vectors. The dense connectivity pattern of Dense-
Net121 is particularly suited to grass canopy texture analysis, as feature
reuse across network depth enables simultaneous capture of fine-
grained leaf-level microstructure and coarser canopy-level density pat-
terns relevant to biomass estimation.

The features were extracted in batch mode with batch size 32 to
balance computational efficiency and memory constraints and extracted
DL features were standardised using StandardScaler before concatena-
tion with other feature types, yielding a total of 4864 DL features (2048
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+ 512 + 1280 + 1024).

2.3.3. Temporal metadata and weather features

Temporal data was encoded through 20 metadata features derived
from image capture dates. Season was represented using one-hot
encoding across four categories (Summer: December to February,
Autumn: March to May, Winter: June to August, Spring: September to
November). Continuous temporal information was provided through
day-of-year scaled to the range O to 1, enabling models to learn cyclic
seasonal patterns within years. These metadata features enabled models
to account for systematic differences in pasture growth patterns across
farms and seasons that may not be fully captured through visual
appearance alone. The eight weather variables measured on the image
capture date for each farm location were included as exogenous pre-
dictors to provide environmental context for PB estimation. Weather
variables were standardised (z-score normalisation) to zero mean and
unit variance using StandardScaler to ensure comparable scaling across
variables with different measurement units and ranges. The complete
feature set comprised 4959 features: 67 hand-crafted features, 4864 DL
features, 20 metadata features, and 8 weather features, with 4951 fea-
tures available when weather was excluded.

2.4. Feature selection

Mutual information regression was employed for feature selection,
ranking all features according to their mutual information with the
target PB values [57]. Mutual information quantifies the reduction in
uncertainty about the target variable provided by knowledge of each
feature, capturing both linear and non-linear dependencies without
assuming specific functional forms. We implemented this using
SelectKBest with mutual information estimated via k-nearest neighbours
density estimation (k = 3). Two feature selection thresholds were
applied based on dataset size: 120 features for the full dataset (general
and weather-integrated models), and 80 features for grass-specific
models with smaller sample sizes. For the primary model with
weather integration, retaining 120 features ensured a ratio of approxi-
mately 22 training samples per feature (2632 training samples divided
by 120 features), which aligns with general guidelines for avoiding
overfitting in tree-based ensemble methods whilst preserving sufficient
dimensionality to capture complex visual and contextual patterns. To
assess sensitivity to this threshold, the best-performing stacking
ensemble model was additionally evaluated using 60 and 240 features.

2.5. Experimental design

Twenty-one distinct modelling approaches were systematically
evaluated across seven experimental phases to enable direct comparison
of feature types, model architectures, ensemble strategies, and data
augmentation approaches. All experiments employed a random 80:20
train-test split with random state 42 for reproducibility. The training set
comprised 2632 images whilst the test set contained 659 images held out
exclusively for final performance evaluation. Table 1 confirms that this
split produced well-balanced biomass distributions across both parti-
tions, with no significant difference in mean values (two-sample t-test t

Table 1
Comparison of pasture biomass distributions in training and test sets.

Characteristic Training Set (n = 2632) Test Set (n = 659)
Mean (kg DM ha™!) 2732 2772

Standard Deviation (kg DM ha™!) 640 630

Minimum (kg DM ha 1) 1066 1141

Maximum (kg DM ha™!) 4622 4405

Median (kg DM ha™') 2698 2731

25th Percentile (kg DM ha™!) 2278 2321

75th Percentile (kg DM ha™') 3164 3226

Two-sample t-test: t = —1.468, p = 0.142 (no significant difference.
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= —1.468, p = 0.142). Cross-validation employed 5-fold stratified
sampling within the training set for hyperparameter tuning and meta-
learner training. The experimental configurations are summarised in
Appendix Table A1, which details model specifications, feature types,
hyperparameters, and experimental objectives for each of the 21 ap-
proaches evaluated.

2.5.1. Baseline models (experiments 1-3)

Baseline performance was established using only the 67 hand-crafted
image features without deep learning integration (Table A1l). Three
regression algorithms were evaluated with initial hyperparameters
[58-60]. These baseline experiments established the performance ceil-
ing achievable without CNN feature extraction, providing a reference
point for evaluating the contribution of transfer learning approaches.

2.5.2. Deep learning from scratch (experiments 4-7)

Four DL architectures were trained from scratch on the dataset to
evaluate whether custom networks could learn effective representations
without TL (Table A1l). Experiment 4 implemented end-to-end fine-
tuning of ResNet50, initialising the network with ImageNet weights but
allowing all layers to be trainable. Two additional dense layers (256
units with ReLU activation and 50% dropout, followed by 128 units with
ReLU activation and 30% dropout) were added before the final single-
unit output layer. The model was trained for 50 epochs with batch
size 16, Adam optimiser with learning rate 0.0001, and mean squared
error loss.

Experiment 5 implemented a custom attention CNN incorporating
spatial and channel attention mechanisms to learn where to focus within
images [61,62]. The network comprised four convolutional blocks with
residual connections, followed by spatial attention modules that learn
location-specific feature weightings and channel attention modules that
emphasise informative feature channels. Experiment 6 implemented a
density estimation network attempting pixel-level biomass prediction at
56 x 56 resolution using fully convolutional architecture, though no
ground truth spatial labels were available for supervision. Experiment 7
applied Vision Transformer (ViT) architecture [63], dividing images
into 16 x 16 pixel patches (196 patches total) with each patch linearly
projected to embedding space and processed through 8 transformer
encoder layers with multi-head attention.

All architectures trained from scratch employed early stopping based
on validation loss (patience = 10 epochs). Whilst the training dataset
size was expected to be insufficient for these architectures, which typi-
cally require tens of thousands of samples for effective learning without
pre-training, these experiments were included to provide empirical
benchmarks quantifying the performance gap between end-to-end
learning and transfer learning approaches.

2.5.3. Transfer learning, Multi-CNN ensembles and hyperparameter
optimisation (Experiment 8-14)

Experiments 8 through 11 evaluated individual CNN architectures
for TL-based feature extraction (Table A1l). Pre-trained CNN features
were extracted with frozen convolutional layers, and RF regressors were
trained on these features. These experiments enabled direct comparison
of architectural choices for TL, quantifying the relative effectiveness of
different CNN techniques for pasture imagery feature extraction.
Experiment 12 integrated features from all four CNN architectures
(4864 dimensions) with hand-crafted features (67 dimensions) and
temporal metadata (20 dimensions), yielding 4951 total features prior to
mutual information selection of the top 120 features. Base model
ensemble comprised RF, XGBoost, and GBM with initial hyper-
parameters, combined through simple averaging with equal weights
(0.333 each). Experiment 13 incorporated the 8 weather features,
expanding the feature space to 4959 dimensions prior to selection. The
same multi-CNN ensemble architecture was employed, enabling
assessment of weather data contribution through direct comparison with
Experiment 12. Experiment 14 performed systematic hyperparameter

130



B.N. Azubuike et al.

optimisation through RandomizedSearchCV with 50 iterations and 3-
fold cross-validation on the multi-CNN feature set with weather inte-
gration. Search spaces are detailed in Table Al. Optimal configurations
were selected based on cross-validation R? performance, with these
tuned hyperparameters employed in all subsequent experiments.

2.5.4. Ensemble methods (experiments 15-17)

Three ensemble integration strategies were systematically compared
using optimised base models from Experiment 14 (Table Al). Experi-
ment 15 implemented weighted ensemble with optimised coefficients
determined through constrained optimisation minimising MAE using
Sequential Least Squares Programming (SLSQP) algorithm. Experiments
16 and 17 employed stacked generalisation with Ridge regression meta-
learning. For the stacking process, three base models (RF, XGBoost,
GBM) with tuned hyperparameters were trained using 5-fold cross-
validation to generate out-of-fold predictions. For each fold, models
were trained on four folds and predictions generated for the held-out
fold, producing out-of-fold predictions for all training samples. These
out-of-fold predictions formed a 2632 x 3 meta-feature matrix. A Ridge
regression meta-learner (alpha = 1.0) was trained on this meta-feature
matrix to learn optimal linear combination weights through ordinary
least squares with L2 regularisation. For test set predictions, base models
were retrained on the full training set and their predictions combined
using learned meta-learner weights. This approach prevents information
leakage by ensuring the meta-learner never sees predictions from base
models trained on the same data used for those predictions. Experiment
16 excluded weather features (4951 features selected to 120), whilst
Experiment 17 incorporated weather variables (4959 features selected
to 120), enabling direct quantification of weather data contribution to
prediction accuracy.

2.5.5. Data augmentation (Experiment 18)

Training data augmentation was evaluated to determine whether
synthetically expanding the training set could improve model general-
isation (Table Al). Augmentation transformations included rotations
(£20°), horizontal and vertical flips (50% probability), width and height
shifts (£10%), and brightness adjustments (0.8 to 1.2, +20%). An
augmentation factor of 3 was applied, generating two synthetic variants
for each original training image, expanding the effective training set
from 2632 to 7893 images (67% synthetic). Augmented images were
processed through ResNet50 feature extraction, with resulting features
used to train RF regression using tuned hyperparameters from Experi-
ment 14. Test set evaluation used original unaugmented images to assess
generalisation performance.

2.5.6. Grass-specific models (experiments 19-21)

Experiments 19 through 21 evaluated species-specific models to
account for biological differences between cool-season ryegrass and
warm-season kikuyu pastures. Images were partitioned temporally
based on dominant pasture species. Experiment 19 trained a ryegrass-
specific model on May to November data (2058 samples: 1646
training, 412 test) using the full multi-CNN methodology with weather
integration and mutual information selection retaining 80 features
(reduced k due to smaller sample size). Experiment 20 trained a kikuyu-
specific model on December to April data (1231 samples: 984 training,
247 test) using identical methodology. Experiment 21 implemented a
combined grass-specific ensemble that routed test samples to the
appropriate species-specific model based on image capture month,
enabling comparison of universal versus species-specific modelling ap-
proaches. Model architecture, hyperparameters, and feature selection
procedures remained consistent with Experiment 17 to enable direct
performance comparison.

2.6. Model evaluation and cross-validation

Model performance was evaluated using three complementary
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metrics: coefficient of determination (Rz), mean absolute error (MAE, kg
DM ha_l), and root mean squared error (RMSE, kg DM ha_l). For
stacked generalisation models, out-of-fold predictions from 5-fold cross-
validation were used to train the Ridge meta-learner, ensuring meta-
learner training data were independent of base model training data.
Cross-validation consistency was assessed by calculating mean and
standard deviation of performance metrics across the five folds, with low
standard deviation indicating stable performance across different
training-validation splits. Feature importance for tree-based models was
quantified using mean decrease in impurity, ranking features according
to their contribution to prediction accuracy.

Leave-one-farm-out cross-validation (LOFO-CV) was conducted on
the best-performing model (Experiment 17) to assess generalisation
capability to unseen farm environments. For each of the 15 farms, a
model was trained on data from the remaining 14 farms and evaluated
on the held-out farm. This procedure mimics the operational scenario
where a model trained on multiple farms must predict PB at a new farm,
providing rigorous assessment of spatial transferability. Performance
was additionally disaggregated by season (Summer, Autumn, Winter,
Spring), farms, and geographic region (North Coast, Mid Coast, South
Coast) to characterise prediction accuracy across diverse conditions. All
statistical analyses and model training were conducted using custom
Python scripts implementing scikit-learn, TensorFlow/Keras, and
XGBoost libraries. Fig. 1 summarises the complete methodological
workflow from data collection through feature extraction, model
training, and ensemble integration.

3. Results

The evaluation of 21 ML configurations across the 15 farms exam-
ined in this study revealed substantial performance variation, with R?
ranging from 0.140 to 0.561 for models evaluated on identical train-test
splits (2632 training samples, 659 test samples). Stacking ensemble
methods integrating TL features from four CNN architectures with
weather data achieved accuracy for PB prediction (R? = 0.561, MAE =
351 kg DM ha!, RMSE = 437 kg DM ha™!), representing a 48%
improvement over baseline models using hand-crafted features only In
contrast, deep learning approaches trained from scratch performed
poorly as anticipated given the limited training data, with four of five
such methods achieving negative R? values or near-zero performance.
Grass-specific models (Experiments 19-21) trained on separate seasonal
subsets (ryegrass: May-November; kikuyu: December-April) demon-
strated species-level differences in prediction capacity but employed
different train-test partitions and are reported separately. Leave-one-
farm-out cross-validation of the best model revealed variable spatial
generalisation across farm environments.

3.1. Comparative performance of modelling approaches

Twenty-one modelling configurations were evaluated across seven
methodological phases: baseline models (Experiments 1-3), DL from
scratch (Experiments 4-7), TL (Experiments 8-11), multi-CNN ensembles
(Experiments 12-13), hyperparameter optimisation (Experiment 14),
advanced ensemble methods (Experiments 15-17), data augmentation
(Experiment 18), and grass-specific models (Experiments 19-21). Fifteen
of the eighteen experiments using identical train-test splits are compared
in Table 2, with performance among competitive models ranging from
R? = 0.140 to R? = 0.561. Three deep learning from scratch approaches
(Experiments 4, 5, and 7) that collapsed due to insufficient training data
are excluded from Table 2 but included in Appendix Table A2 for
completeness. Grass-specific models (Experiments 19-21) are excluded
from Table 2 as they employed different seasonal train-test partitions.

The stacking ensemble with weather integration (Experiment 17)
achieved the highest performance (R? = 0.561, MAE = 351 kg DM ha ™},
RMSE = 437 kg DM ha™!) as shown in Fig. 2, representing a 48%
improvement in R? over the best baseline model using hand-crafted
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Fig. 1. Methodological workflow for pasture biomass prediction using stacking ensemble with multi-source features (hand-crafted, deep learning, metadata,
weather). The pipeline includes SegFormer-B0O preprocessing, parallel feature extraction from four CNN architectures (ResNet50, VGG16, MobileNetV2, Dense-
Net121), mutual information-based selection (4959 — 120 features), and stacking ensemble training with Ridge regression meta-learner combining three base
models through 5-fold cross-validation on 3291 paddock assessments from 15 farms.

features only (Experiment 2: R? = 0.380). TL approaches consistently
outperformed DL trained from scratch, with the multi-CNN ensemble
(Experiment 12: R? = 0.495) exceeding all single-architecture TL
models. Hyperparameter optimisation provided incremental gains
(Experiment 14: R? = 0.538 vs Experiment 13: R? = 0.521), whilst
stacking ensemble architecture yielded additional improvement through
optimal linear combination of base learner predictions. DL models
trained from randomly initialised weights failed systematically. Four of
five such approaches achieved negative R? values or below-baseline
performance. The custom attention CNN exhibited the weakest perfor-
mance (Experiment 5, Table A2) and the Vision Transformer achieving
near-zero predictive capacity (Experiment 7, Table A2) despite 3352 s
training time. Data augmentation (Experiment 18) similarly failed due
to feature dimension mismatch between augmented images and the

original feature extraction pipeline. Grass-specific models employed
separate seasonal train-test partitions. The ryegrass-specific model
achieved R? = 0.586 on May-November samples, whilst the kikuyu-
specific model attained R? = 0.391 on December-April samples. Exper-
iment 21 combined both models but used fundamentally different
evaluation protocols.

3.2. Best model architecture and performance

The optimal model (Experiment 17) employed a two-layer stacking
ensemble architecture. Three base learners, RF, XGBoost, and GBM,
were trained with optimised hyperparameters identified through Ran-
domizedSearchCV (Experiment 14). Out-of-fold predictions generated
via 5-fold cross-validation on the training set served as meta-features for
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Table 2
Comparative performance of modelling approaches for pasture biomass prediction ranked by R.2.
Rank Experiment Model Category R? RMSE (kg DM MAE (kg DM Notes
ha™ 1) ha 1)
1 17 Stacking + Weather Advanced Ensemble Methods ~ 0.561 437 351 Best model
2 15 Weighted Ensemble Advanced Ensemble Methods ~ 0.549 442 355 Grid search weights
3 14 Hyperparameter Optimised Hyperparameter 0.538 448 361 RandomizedSearchCV
Ensemble Optimisation
4 16 Stacking No Weather Advanced Ensemble Methods ~ 0.530 451 364 Ridge meta-learner
5 13 Multi-CNN + Weather Multi-CNN Ensembles 0.521 456 368 Simple averaging
6 12 Multi-CNN Ensemble Multi-CNN Ensembles 0.495 468 378 No weather
7 11 DenseNet121 Transfer Learning Transfer Learning 0.450 489 390 Single CNN
8 2 XGBoost Baseline Baseline Models 0.380 519 410 Hand-crafted features only
9 3 Gradient Boosting Baseline Baseline Models 0.369 523 412 Hand-crafted features only
10 1 Random Forest Baseline Baseline Models 0.357 528 421 Hand-crafted features only
11 9 VGG16 Transfer Learning Transfer Learning 0.347 532 426 Single CNN
12 10 MobileNetV2 Transfer Learning Transfer Learning 0.331 539 431 Single CNN
13 6 Density Estimation Network Deep Learning from Scratch 0.223 581 468 No spatial labels
14 8 ResNet50 Transfer Learning Transfer Learning 0.152 606 495 Single CNN
15 18 Training Augmentation Data Augmentation 0.140 611 498 Feature mismatch

Experiments 4 (End-to-End ResNet50, R? = 0.010), 5 (Custom Attention CNN, R? = —0.781), and 7 (Vision Transformer, R?> = 0.007) and grass-specific models
(Experiments 19-21) are excluded from this table; full results for all 21 experiments are provided in Appendix Table A2. All experiments used identical random 80:20
train-test splits (2632 training samples, 659 test samples, random state 42). Performance metrics computed on held-out test set. MAE: Mean Absolute Error; RMSE:

Root Mean Squared Error.
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Fig. 2. Predicted versus actual pasture biomass for the best model (Experiment
17: stacking ensemble with weather integration) evaluated on the held-out test
set (n = 659). The dashed line represents perfect prediction (1:1). R?: coeffi-
cient of determination; MAE: mean absolute error; RMSE: root mean
squared error.

a Ridge regression meta-learner (o« = 1.0), which learned optimal linear
combination weights through L2-regularised ordinary least squares.
Base learner performance during 5-fold cross-validation demonstrated
consistent predictive capacity across folds. GBM achieved the highest
mean cross-validation performance (R2 = 0.487 + 0.031, MAE = 362 +
9 kg DM ha™1), followed by XGBoost (R? = 0.484 + 0.036, MAE = 365
+ 10 kg DM ha™!) and RF (R? = 0.420 + 0.034, MAE = 386 + 11 kg DM
ha!). Low standard deviations across folds confirmed stable model
training and robust generalisation capacity. The Ridge meta-learner
assigned weights reflecting individual base learner performance: GBM
received the highest weight (0.617), followed by XGBoost (0.340) and
RF (0.155), with a learned intercept of —87.3 kg DM ha~!. This weighted
combination yielded test set performance (R? = 0.561, MAE = 351 kg

DM hafl, RMSE = 437 kg DM ha~!) that exceeded all three base learners
individually, confirming the value of ensemble integration for reducing
prediction variance.

3.3. Feature importance analysis

Mutual information analysis identified the top 120 most informative
features from the complete feature pool of 4959 dimensions for the best
model. Hand-crafted vegetation indices and DL features from Dense-
Net121 dominated the importance rankings, with 10 hand-crafted fea-
tures and 9 DL features comprising the top 20 positions (Fig. 3). Green
ratio ranked highest overall (MI score = 0.133), followed by Dense-
Net121 Feature 427 (MI score = 0.132) and excess green index mean (MI
score = 0.129). Among hand-crafted features, vegetation indices (green
ratio, excess green index, GLI) and colour-based metrics (HSV saturation
median, hue mean) exhibited stronger associations with PB than texture
or edge features. DL features from DenseNet121 appeared eight times in
the top 20, substantially exceeding contributions from ResNet50,
VGG16, and MobileNetV2. Weather variables demonstrated moderate
importance, with maximum temperature ranking 20th (MI score =
0.075), followed by evaporation (rank 21), solar radiation (rank 27),
minimum temperature (rank 75), and vapour pressure (rank 80) within
the top 120. Temporal metadata contributed modestly, with day-of-year
ranking 32nd (MI score = 0.068). The balanced representation of hand-
crafted and DL features in top rankings validated the ensemble inte-
gration approach, whilst the moderate importance of weather variables
confirmed their complementary predictive value beyond image-derived
features alone. Feature threshold sensitivity analysis on the best model
yielded R? = 0.558, MAE = 352 kg DM ha—!, RMSE = 438 kg DM ha ! at
60 features; R? = 0.561, MAE = 351 kg DM ha~!, RMSE = 437 kg DM
ha~! at 120 features; and R% = 0.568, MAE = 350 kg DM ha!, RMSE =
433 kg DM ha ! at 240 features, confirming that model performance
was stable across this range and that the 120-feature threshold repre-
sented a computationally efficient choice without meaningful accuracy
trade-off.

3.4. Temporal performance analysis

Model performance varied substantially across seasons, reflecting
phenological differences in pasture growth patterns and image charac-
teristics. The best model (Experiment 17) achieved highest accuracy
during spring (R? = 0.701, MAE = 308 kg DM ha™!), when pasture
growth was most vigorous and vegetation indices exhibited strongest
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Fig. 3. Top 20 features ranked by mutual information score for pasture biomass prediction from the best model (Experiment 17). Features are colour-coded by type:
deep learning features from pre-trained CNN architectures (maroon), hand-crafted image features including vegetation indices and colour metrics (teal), and weather
variables (light coral). GLI: Green Leaf Index; HSV: Hue, Saturation, Value colour space. (For interpretation of the references to colour in this figure legend, the reader

is referred to the Web version of this article.)

correlations with PB. Summer and autumn demonstrated similar mod-
erate accuracy (R2 = 0.486 and 0.484 respectively), with MAE values of
362 and 357 kg DM ha ™!, reflecting relatively stable prediction capacity
across the active growth period.

Winter exhibited lowest performance (R2 = 0.456, MAE = 375 kg
DM ha™1), consistent with slower growth rates, reduced green biomass,
and challenging lighting conditions during shorter daylight periods.
Despite seasonal variations in R%, MAE remained below 380 kg DM ha™!
across all seasons, with RMSE ranging from 387 kg DM ha™! in spring to
460 kg DM ha~! in winter. The relatively consistent error margins
throughout the annual production cycle (MAE range: 308-375 kg DM
ha™!) demonstrated operationally acceptable prediction accuracy,
though the substantial improvement in spring R? (+0.245 compared to
winter) indicated sensitivity to phenological conditions affecting vege-
tation spectral characteristics (Fig. 4).

3.5. Spatial performance and generalisation analysis

3.5.1. Test set performance by farm and region

Farm-level performance on the test set (n = 659) exhibited R?
ranging from —0.806 to 0.577 across 13 farms (Table 3). Regional ag-
gregation revealed consistent within-dataset performance: South Coast
(n = 451, R? = 0.564, MAE = 331 kg DM ha!, RMSE = 414 kg DM
ha™1), North Coast (n = 109, R? = 0.552, MAE = 397 kg DM ha™!, RMSE
= 475 kg DM ha™1), and Mid Coast (n = 99, R? = 0.544, MAE = 390 kg
DM ha !, RMSE = 491 kg DM ha!). Regional performance differences
were modest (R? range: 0.544-0.564, MAE range: 331-397 kg DM ha™1),
indicating relatively uniform prediction accuracy when test samples
were drawn from farms represented in the training data.

3.5.2. Leave-one-farm-out cross-validation

LOFO-CV assessed spatial generalisation capacity by systematically
withholding each farm and training on the remaining 14 farms
(Table 4). Performance degraded substantially compared to within-
dataset evaluation, with aggregate LOFO-CV achieving mean R? =
—0.009 =+ 0.781, MAE = 399 + 74 kg DM ha~!, and RMSE = 488 + 87

M R2 MW MAE (kg DM ha™t)

400
0.701 375

0.7

350

300

250

200

150

100

Coefficient of Determination (R2)
Mean Absolute Error (kg DM ha™1)

50

Summer Autumn Winter

Season

Spring

Fig. 4. Seasonal performance of the best model (Experiment 17) for pasture
biomass prediction. Coefficient of determination (RZ, teal bars, left axis) and
mean absolute error (MAE, maroon bars, right axis) are shown for each season.
The dual y-axis format enables direct comparison of model accuracy and pre-
diction error across the annual production cycle.

kg DM ha~. Individual farm R? ranged from —2.293 to 0.517, with five
farms achieving R? > 0.4 but three exhibiting negative R? values indi-
cating systematic prediction failure when these environments were
excluded from training data.

Regional LOFO-CV patterns differed markedly from test set perfor-
mance. South Coast maintained moderate generalisation (mean R? =
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Table 3
Test set performance by farm for the best model (Experiment 17).
Farm Region n R? MAE (kg DM RMSE (kg DM
ha ") ha ")
Farm 6 South 80 0.577 375 458
Coast
Farm 7 North 27 0.558 435 520
Coast
Farm 1 South 111 0.558 317 399
Coast
Farm 5 Mid Coast 43 0.520 330 423
Farm 8 South 92 0.516 286 369
Coast
Farm Mid Coast 47 0.512 460 567
14
Farm North 23 0.512 357 445
15 Coast
Farm 3 North 35 0.499 445 509
Coast
Farm South 84 0.475 364 441
13 Coast
Farm South 84 0.367 325 406
12 Coast
Farm 2 Mid Coast 3 0.179 281 321
Farm 4 North 24 —0.202 321 388
Coast
Farm Mid Coast 4 —0.806 328 386
11

Farms sorted by R? (descending). Test set drawn from random 20% split of
complete dataset (n = 659 from 3291 total samples). Farm numbering corre-
sponds to order in sorted performance rankings.

Table 4
Leave-one-farm-out cross-validation results for the best model (Experiment 17).
Farm Region n R? MAE (kg DM RMSE (kg DM
ha™) ha™)
Farm 3 North 147 0.517 436 511
Coast
Farm 8 South 445 0.450 337 425
Coast
Farm 6 South 444 0.428 409 498
Coast
Farm South 469 0.397 376 472
13 Coast
Farm 9 Mid Coast 5 0.394 259 339
Farm 2 Mid Coast 10 0.347 282 332
Farm 1 South 448 0.345 383 473
Coast
Farm North 132 0.339 375 487
15 Coast
Farm 7 North 131 0.271 447 545
Coast
Farm Mid Coast 236 0.225 560 673
14
Farm 5 Mid Coast 211 0.098 411 516
Farm South 452 0.013 421 511
12 Coast
Farm 4 North 141 —0.362 487 603
Coast
Farm Mid Coast 10 —1.303 410 499
11
Farm Mid Coast 10 —2.293 394 441
10

Farms sorted by R? (descending). Each LOFO-CV fold withheld one farm as the
test set whilst training on the remaining 14 farms (n = 3291 total samples across
15 farms). Three farms with n < 10 may exhibit inflated performance variability
due to limited sample sizes.

0.327, MAE = 385 kg DM ha™!, RMSE = 476 kg DM ha™!), North Coast
showed reduced capacity (mean R = 0.191, MAE = 436 kg DM ha 2,
RMSE = 536 kg DM ha™!), whilst Mid Coast demonstrated poor gener-
alisation (mean R? = —0.422, MAE = 386 kg DM ha~l, RMSE = 467 kg
DM ha~1). The contrast between test set performance (R? = 0.561) and

10

Journal of Agriculture and Food Research 28 (2026) 102923

LOFO-CV (R? = —0.009) revealed substantial spatial dependency in
model predictions. Whilst within-dataset performance remained
consistent across regions (R2 = 0.544-0.564), LOFO-CV exposed farm-
specific characteristics that limited generalisation to completely novel
environments. However, MAE remained operationally acceptable across
both evaluations (test set: 331-397 kg DM ha~!; LOFO-CV: 385-436 kg
DM ha 1), suggesting that prediction magnitude errors were relatively

stable even when R? indicated poor linear correlation.
3.6. Grass-type-specific models

Three exploratory experiments evaluated grass-type-specific model-
ling using seasonal train-test partitions distinct from the random 80:20
split used in Experiments 1-18 and are therefore not directly comparable
with results in Table 2. The ryegrass-specific model (Experiment 19,
May-November, n = 2060) achieved R? = 0.586, MAE = 315 kg DM
ha~!, and RMSE 398 kg DM ha~!. The kikuyu-specific model
(Experiment 20, December-April, n = 1231) achieved R? = 0.391, MAE
=369 kg DM ha™!, and RMSE = 467 kg DM ha™!. A combined ensemble
(Experiment 21) that routed predictions through the appropriate grass-
specific model based on season achieved R? = 0.914, MAE = 103 kg DM
ha~!, and RMSE = 193 kg DM ha™! on a test set comprising 423 ryegrass
and 236 kikuyu samples.

4. Discussion

This study evaluated 21 ML configurations for predicting PB from
smartphone imagery across 15 commercial pasture-based dairy farms,
revealing that TL with frozen pre-trained CNN features dramatically
outperformed DL trained from scratch, multi-architecture feature inte-
gration captured complementary information, and stacking ensemble
methods achieved optimal prediction accuracy through learned combi-
nation weights. However, substantial performance degradation in
LOFO-CV exposed farm-specific dependencies limiting zero-shot gener-
alisation to unseen farm environments. These findings establish both
methodological best practices for agricultural computer vision and
practical constraints for deploying smartphone-based PB monitoring
systems in P-BDS.

4.1. Transfer learning superiority and feature extraction

The poor performance of DL architectures trained from scratch
(Table 1, Experiments 4-7: R2 = —0.781 to 0.223) contrasted sharply
with frozen TL success (Experiments 8-11: R% = 0.152 to 0.450) shows
that ImageNet-learned visual hierarchies provide relevant visual fea-
tures for pasture canopy images despite domain shift from natural scenes
to pasture canopies. Our training dataset of 2632 images proved
fundamentally insufficient for learning the 23.5 million parameters in
ResNet50 without catastrophic overfitting [64], whilst frozen convolu-
tional layers leveraged visual concepts from 1.2 million ImageNet im-
ages to extract edges, textures, and structural patterns relevant to
canopy density estimation [48,65]. This outcome aligns with established
computer vision principles showing TL effectiveness when target do-
mains share low-level visual primitives with source domains despite
differing high-level semantic content [13,14].

Multi-architecture integration combining DenseNet121, ResNet50,
VGG16, and MobileNetV2 features substantially exceeded single-
architecture approaches, affirming that different CNN architectures
capture complementary visual patterns relevant to PB estimation [27].
The dominance of DenseNet121 in feature importance rankings (Fig. 3)
reflects its dense connectivity architecture enabling efficient feature
reuse across network depth, allowing the model to learn hierarchical
representations from coarse vegetation patterns to fine-grained canopy
texture with fewer parameters than traditional sequential architectures
[56]. Hand-crafted vegetation indices (green ratio, excess green index,
GLI) provided comparable importance to DL features, occupying 10 of
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the top 20 positions revealing that domain-specific colour trans-
formations encode biologically meaningful information and phenomena
such as chlorophyll content not fully captured by general-purpose CNN
filters [20]. This balanced contributions from DL and hand-crafted fea-
tures suggests hybrid feature engineering strategies may optimise per-
formance when training data are limited, contrasting with pure
end-to-end DL approaches that dominate large-scale vision tasks [17,
54].

4.2. Ensemble learning and weather data integration

Stacking ensemble architecture achieved superior performance by
learning optimal data-driven combination weights, demonstrating that
meta-learning approaches exploit complementary strengths across
diverse base learners. The weight distribution of the Ridge meta-learner
(GBM: 0.617, XGBoost: 0.340, RF: 0.155) reflects the predictive capacity
of each algorithm, with gradient boosting receiving substantially higher
weights, indicating that sequential boosting captures pasture-biomass
relationships more effectively. Weather integration contributed mean-
ingful but modest improvement (5.9% gain), with maximum tempera-
ture as the most informative meteorological variable, confirming that
climatic drivers modulate growth rates beyond visual canopy patterns
[43]. However, the limited magnitude of weather contribution suggests
image-derived features already capture substantial environmental in-
formation through phenological effects on canopy structure.

Comparing our stacking ensemble performance (R? = 0.561, MAE =
351 kg DM ha™!, RMSE = 437 kg DM ha™!) with published smartphone-
based approaches reveals competitive accuracy. Schaefer and Lamb [31]
reported R? = 0.52 using support vector machines with hand-crafted
texture features, whilst Nasi et al. [30] achieved R? = 0.48 with RF
regression on smartphone spectral indices. Our integration of TL,
multi-architecture features, and ensemble methods demonstrates
meaningful improvement over these established baselines whilst main-
taining smartphone accessibility. More complex systems combining
proximal sensing with satellite data achieve higher accuracy ([22]: R? =
0.86 [23]; R? = 0.87), but require substantially greater technical
infrastructure and data processing pipelines. Our RMSE of 437 kg DM
ha™! compares favourably with satellite-based remote sensing studies
reporting RMSE values between 226 and 347 kg DM ha™! for different
pasture species [66] and falls well below multi-site RPM validation
showing RMSE of approximately 904 kg DM ha~! under diverse field
conditions [67].

4.3. Temporal dynamics and seasonal performance

Substantial seasonal variation in model performance (Section 3.4,
Fig. 4) reflects the complex interplay between pasture phenology, spe-
cies composition, and environmental conditions affecting visual-
biomass relationships. Spring superiority could have stemmed from
vigorous cool-season ryegrass growth creating uniform vertical canopy
architecture optimal for smartphone-based estimation. During peak
spring growth, strong correlations between vegetation indices and
standing biomass emerge as temperate species exhibit rapid leaf area
expansion with consistent structural characteristics, whilst favourable
solar radiation and longer photoperiods ensure high-quality image
capture, collectively facilitating robust feature extraction.

Winter performance degradation likely results from multiple con-
founding factors. Species transition periods create heterogeneous mixed-
species canopies as ryegrass dormancy coincides with emerging kikuyu
growth, disrupting uniform visual patterns. Reduced solar radiation and
shorter photoperiods compromise image quality through inconsistent
lighting, whilst slower growth rates weaken temporal coupling between
visual appearance and biomass accumulation. Summer and autumn
exhibited similar intermediate performance, suggesting stable predic-
tion during active growing seasons.

The grass-specific ensemble (Experiment 21) demonstrated proof-of-
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concept potential for species-tailored modelling, with substantial per-
formance improvement confirming that ryegrass and kikuyu exhibit
fundamentally different visual-biomass relationships [68]. Ryegrass
uniformity through upright tillering could have enabled stronger pre-
dictability, contrasting with kikuyu prostrate stoloniferous growth
creating horizontal canopy architecture that obscures direct
height-biomass relationships [25,69]. This species-level variation aligns
with previous findings showing marked performance reductions when
species information was removed, with explained variance falling from
73% to 32% [70]. Taugourdeau et al. [71] showed that low cost cameras
could explain about 60% of biomass variability, but their approach
lacked the species specific calibration necessary for robust deployment
on commercial farms. The present study addresses this limitation by
explicitly modelling species level variation and demonstrating its
measurable impact on predictive accuracy. However, practical appli-
cation requires either a priori knowledge of dominant grass species or
automated species identification capabilities, suggesting that
general-purpose models accepting mixed-species canopies may prove
more feasible for widespread adoption despite moderate accuracy
trade-offs.

4.4. Spatial generalisation and model limitations

LOFO-CV results (Table 4, Section 3.5.2) exposed severe spatial
generalisation constraints, with performance collapsing when predict-
ing unseen farms despite strong within-dataset accuracy. This degra-
dation can be attributed to three distinct and interacting sources.

First, data distribution shift arising from farm-specific management
practices created distinct visual environments that models could not
transfer across. Varied fertiliser rates, grazing rotations, and stocking
densities produced sward conditions with different greenness, density,
and structural characteristics that were farm-specific rather than uni-
versally predictive of PB. Second, biological differences in species
composition and phenology introduced systematic variation in visual-PB
relationships across farms and regions. Varying ryegrass cultivars and
kikuyu establishment ratios created fundamentally different canopy
architectures, whilst phenological timing differences across the 600 km
coastal gradient meant that the same visual appearance corresponded to
different PB values depending on local growth stage.

Third, sensor and viewpoint limitations inherent to 2D smartphone
RGB imagery constrained cross-regional transferability. RGB sensors
cannot directly capture canopy height, a primary PB determinant [72],
and instead rely on colour and texture as proxies whose relationship
with PB is modulated by illumination, camera angle, and local soil
colour. Subtle between-farm variation in image capture protocols
introduced additional systematic biases that further constrained
transferability.

Beyond these three sources, a fundamental question is whether an
intrinsic information bottleneck constrains achievable accuracy
regardless of model complexity. RPM calibration relationships them-
selves typically explain only 70-80% of PB variance [45], establishing a
theoretical ceiling on prediction accuracy. Furthermore, RGB imagery
encodes only a 2D colour projection of a 3D canopy structure [73],
meaning that information required to reliably predict PB across diverse
farm environments may be fundamentally absent from the input signal.
Increasing model complexity without addressing this sensor-level limi-
tation is unlikely to substantially improve cross-regional generalisation.

The substantial LOFO-CV degradation represented a critical
constraint for practical application, as farms would require models
generalising beyond training locations without site-specific calibration.
However, relatively stable MAE values suggested prediction magnitude
errors remained acceptable for management decisions despite poor
correlation, indicating systematic offset biases rather than complete
failure. Potential mitigation strategies could include transfer learning
fine-tuning with modest farm-specific calibration data, continual
learning updating ensemble weights as measurements accumulate, or
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active learning targeting challenging conditions [24].
4.5. Methodological novelty and practical implications

This study made three primary methodological contributions. The
evaluation of 21 configurations spanning baseline ML, DL from scratch,
TL with multiple architectures, ensemble methods, and grass-specific
approaches provided comprehensive empirical comparison rarely
documented in agricultural remote sensing, establishing that frozen TL
with multi-architecture integration and stacking ensemble methods
represented current best practice for smartphone-based PB estimation
with moderate training data. Explicit demonstration that frozen features
outperformed trainable architectures challenged assumptions favouring
end-to-end learning, revealing data-efficiency advantages critical for
agriculture where ground-truth collection remains labour-intensive.
Rigorous LOFO-CV evaluation exposing severe generalisation con-
straints provided essential context often absent from ML studies
reporting only within-dataset performance, potentially overestimating
practical utility. The integration of hand-crafted vegetation indices, DL
features from multiple architectures, temporal metadata, and weather
variables captured complementary aspects of pasture conditions not
achievable through visual features alone. Feature importance analysis
(Fig. 3) confirmed this multimodal approach, with vegetation indices
and DenseNet121 features both dominating top rankings.

The smartphone-based implementation might eliminate barriers
constraining adoption of digital PB monitoring. Unmanned aerial vehi-
cles require substantial financial investment, specialised piloting
expertise, and regulatory compliance [72,74], whilst satellite methods
demand advanced image processing and face temporal constraints from
cloud cover [37,75]. By achieving accuracy approaching satellite sys-
tems using ubiquitous devices, this work positioned smartphone imag-
ing as potentially transformative technology for precision grazing
management. However, severe LOFO-CV degradation indicated wide-
spread adoption would require either expanded multi-farm training
datasets capturing greater environmental diversity or efficient transfer
learning protocols enabling rapid farm-specific adaptation.

4.6. Limitations and Future Research Directions

This study faces several methodological constraints affecting inter-
pretation and generalisation. Single images captured per paddock
cannot fully represent spatial heterogeneity, as PB exhibits substantial
variation from soil heterogeneity, topographic moisture gradients, dif-
ferential grazing pressure, and proximity to water points. The absence of
spatial coordinates for individual RPM measurement points prevented
exploitation of within-paddock spatial variability through point-level
prediction approaches that could leverage geotagged smartphone im-
agery for fine-scale biomass mapping. Multiple sampling locations per
paddock could improve spatial representation but introduce labour
constraints limiting scalability.

Ilumination variability and pre-processing trade-offs. The decision
to preserve natural illumination characteristics without explicit nor-
malisation represents a trade-off between spectral fidelity and robust-
ness. Whilst this approach allowed vegetation indices and CNN features
to learn from naturally varying lighting conditions across seasons and
times of day, it introduces systematic errors under extreme illumination
scenarios (e.g., harsh shadows, overcast skies). Future implementations
could explore adaptive illumination correction methods such as Retinex
algorithms [76] or grey-world assumptions [51] to normalise colour
consistency whilst preserving biologically relevant spectral information.
Similarly, the decision to avoid training data augmentation prioritised
preservation of authentic pasture spectral signatures over synthetic
dataset expansion. However, moderate augmentation strategies (For
example, brightness adjustment +10%, horizontal flipping) informed by
empirical studies [77,78] could improve model robustness without
substantially compromising spectral fidelity, particularly for improving
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generalisation to unseen farm environments as revealed by LOFO-CV
results.

Furthermore, RPM ground truth measurements contain inherent
uncertainty, with calibration relationships typically explaining 70-80%
of variance [45], establishing a fundamental ceiling on achievable pre-
diction accuracy. Training dataset size of 3291 images, whilst sufficient
for TL approaches, proved inadequate for training DL architectures from
scratch, suggesting that expanding to tens of thousands of images may
enable end-to-end fine-tuning whilst improving spatial generalisation.
Temporal representation remains limited when relying on single-date
imagery that cannot capture growth trajectory dynamics.

Future research directions should prioritise several complementary
advances. Recurrent neural network architectures incorporating LSTM
layers could exploit temporal image sequences to predict biomass tra-
jectories, potentially improving forecast accuracy for grazing manage-
ment planning. Attention mechanisms embedded within CNN
architectures may automatically identify biomass-relevant image re-
gions, improving interpretability and prediction robustness. Uncertainty
quantification through Bayesian deep learning or ensemble variance
estimation would provide prediction confidence intervals supporting
risk-based decision-making. Three-dimensional imaging approaches
using stereo cameras or structure-from-motion photogrammetry may
improve estimation for prostrate species like kikuyu by capturing can-
opy height information unavailable from RGB imagery. Automated RPM
systems and sensor-assisted calibration pipelines represent an important
frontier, enabling continuous or semi-autonomous measurement
streams that enrich training datasets and strengthen model accuracy
across seasons. These advances require continued expansion of large,
diverse and representative training datasets, as model performance ul-
timately depends on exposure to sufficient variability in pasture condi-
tions, environmental drivers and management practices. Most critically,
on-farm validation trials remain essential for validating practical utility,
assessing predictive accuracy, evaluating user acceptance and workflow
integration, and quantifying economic returns.

5. Conclusion

This study demonstrates accurate automated pasture biomass esti-
mation from smartphone imagery through systematic integration of
transfer learning, ensemble methods, and weather data. Evaluating 21
modelling configurations across 3291 images from 15 dairy farms,
stacking ensemble methods combining pre-trained convolutional neural
network features with hand-crafted vegetation indices and weather
variables achieved R? = 0.561, MAE = 351 kg DM ha~!, and RMSE =
437 kg DM ha~l. Transfer learning using frozen ImageNet features
dramatically outperformed deep learning models trained from scratch,
confirming that pre-trained visual representations provide robust
feature extraction for pasture with moderate training data. Multi-
architecture feature integration captured complementary information,
with DenseNet121 features dominating mutual information rankings
alongside hand-crafted vegetation indices. Stacking ensemble with
Ridge regression meta-learner achieved optimal integration through
learned combination weights, whilst weather data integration provided
5.9% performance improvement by incorporating meteorological vari-
ables beyond image-derived features. Seasonal analysis revealed
optimal spring performance coinciding with peak ryegrass growth,
whilst winter exhibited reduced accuracy during species transition pe-
riods. However, leave-one-farm-out cross-validation exposed severe
spatial generalisation constraints, with mean R? approaching zero
despite strong within-dataset performance, indicating farm-specific de-
pendencies limit zero-shot transfer to new environments. Future
research priorities should consider recurrent neural network architec-
tures for temporal sequence modelling, attention mechanisms for
automated region identification, uncertainty quantification for decision
support, expanded multi-farm training datasets capturing greater envi-
ronmental diversity, and on-farm trials assessing real-world feasibility in
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commercial dairy farm management systems.
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Appendix

Table Al

Summary of 21 experimental configurations evaluated for pasture biomass prediction

Experiment Phase Model(s)

D

Features

Key Parameters

Purpose

Baseline Models

1 Baseline Random Forest

2 Baseline XGBoost

3 Baseline Gradient Boosting

Deep Learning from Scratch

4 DL Scratch ResNet50 (fine-
tuned)

5 DL Scratch Custom Attention
CNN

6 DL Scratch Density Estimation
Network

7 DL Scratch Vision Transformer

Transfer Learning (Individual Architectures)

8 Transfer Learning RF on ResNet50

9 Transfer Learning RF on VGG16

10 Transfer Learning RF on MobileNetV2
11 Transfer Learning RF on DenseNet121

Multi-CNN Ensembles

12 Multi-CNN RF, XGBoost, GBM
averaged

13 Multi-CNN RF, XGBoost, GBM
averaged

14 Hyperparameter RF, XGBoost, GBM

Optimisation averaged

Advanced Ensemble Methods

15 Ensemble Weighted ensemble

16 Ensemble Stacking (no
weather)

17 Ensemble Stacking (with
weather)

Data Augmentation

18 Augmentation RF on ResNet50

Grass-Specific Models

19 Grass-specific Stacking (ryegrass
only)

20 Grass-specific Stacking (kikuyu
only)

21 Grass-specific Combined grass
ensemble

Hand-crafted (67)
Hand-crafted (67)
Hand-crafted (67)
Raw images
Raw images

Raw images

Raw images

ResNet50 frozen (2,048)

VGG16 frozen (512)

MobileNetV2 frozen (1,280)

DenseNet121 frozen (1,024)

Multi-CNN (4,864) + Hand-crafted (67) +
Metadata (20) — 120 selected

Exp. 12 + Weather (8) — 120 selected

Same as Exp. 13

Same as Exp. 14

Multi-CNN (4,864) + Hand-crafted (67) +
Metadata (20) — 120 selected
Exp. 16 + Weather (8) — 120 selected

ResNet50 frozen, augmented training ( x
3)

Multi-CNN + Hand-crafted + Metadata +
Weather — 80 selected

Multi-CNN + Hand-crafted + Metadata +
Weather — 80 selected

Route to Exp. 19 or 20 by month

200 trees, max depth 20

200 trees, max depth 7, LR 0.1
200 trees, max depth 5, LR 0.1
50 epochs, BS 16, LR 0.0001
Spatial + channel attention

Fully convolutional, 56 x 56

8 encoder layers, 196 patches

200 trees, max depth 20
200 trees, max depth 20
200 trees, max depth 20

200 trees, max depth 20

Initial parameters, equal weights

Initial parameters, equal weights

RandomizedSearchCV, 50 iterations

SLSQP optimised weights
Ridge meta-learner, a = 1.0

Ridge meta-learner, a = 1.0

Aug: rotation +20°, flip, shift +10%,

brightness 0.8-1.2

May-Nov data (n = 2058), Ridge meta-

learner

Dec-Apr data (n = 1231), Ridge meta-

learner
Same as Exp. 17

Baseline without DL
Baseline without DL
Baseline without DL

End-to-end learning
Custom architecture
Pixel-level prediction

Transformer
approach

Single CNN
evaluation
Single CNN
evaluation
Single CNN
evaluation
Single CNN
evaluation

Multi-architecture
integration
Weather data
contribution
Optimised
parameters

Optimised
combination
Stacking without
weather

Best model

Synthetic data
expansion

Species-specific
model
Species-specific
model
Species-adaptive
routing

13
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LR = learning rate; BS = batch size; Aug = augmentation; DL = deep learning; CNN = convolutional neural network; RF = Random Forest; GBM = Gradient Boosting
Machine. Multi-CNN features comprise ResNet50 (2048), VGG16 (512), MobileNetV2 (1280), and DenseNet121 (1024). Feature selection employed mutual infor-

mation regression implemented through SelectKBest.

Table A2

Comparative performance of 18 modelling approaches ranked by R?

Rank  Experiment  Model Category R? RMSE (kg DM MAE (kg DM Notes
ha™) ha™")
1 17 Stacking + Weather Advanced Ensemble 0.561 437 351 Best model
Methods
2 15 Weighted Ensemble Advanced Ensemble 0.549 442 355 Grid search weights
Methods
3 14 Hyperparameter Optimised Hyperparameter 0.538 448 361 RandomizedSearchCV
Ensemble Optimisation
4 16 Stacking No Weather Advanced Ensemble 0.530 451 364 Ridge meta-learner
Methods
5 13 Multi-CNN + Weather Multi-CNN Ensembles 0.521 456 368 Simple averaging
6 12 Multi-CNN Ensemble Multi-CNN Ensembles 0.495 468 378 No weather
7 11 DenseNet121 Transfer Learning Transfer Learning 0.450 489 390 Single CNN
8 2 XGBoost Baseline Baseline Models 0.380 519 410 Hand-crafted features only
9 3 Gradient Boosting Baseline Baseline Models 0.369 523 412 Hand-crafted features only
10 1 Random Forest Baseline Baseline Models 0.357 528 421 Hand-crafted features only
11 VGG16 Transfer Learning Transfer Learning 0.347 532 426 Single CNN
12 10 MobileNetV2 Transfer Learning Transfer Learning 0.331 539 431 Single CNN
13 6 Density Estimation Network Deep Learning from Scratch 0.223 581 468 No spatial labels
14 8 ResNet50 Transfer Learning Transfer Learning 0.152 606 495 Single CNN
15 18 Training Augmentation Data Augmentation 0.140 611 498 Feature mismatch
16 4 End-to-End ResNet50 Deep Learning from Scratch 0.010 655 538 Prediction collapse
17 7 Vision Transformer Deep Learning from Scratch 0.007 656 526 Requires large dataset
18 5 Custom Attention CNN Deep Learning from Scratch -0.781 879 735 Insufficient data

All experiments used identical train-test splits (2632 training samples, 659 test samples, random state 42). Performance metrics computed on held-out test set. Grass-
specific models (Experiments 19-21) excluded from table as they employed separate seasonal train-test partitions. MAE: Mean Absolute Error; RMSE: Root Mean

Squared Error.

Data availability

Data will be made available on request.
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CHAPTER 8

General Discussion and Future Directions

Artificial intelligence (Al) applications in pasture-based dairy systems have demonstrated capability
in controlled research settings, but practical implementation across diverse commercial farm
environments with quantifiable production outcomes remained limited. This thesis developed and
validated Al methods across precision feeding optimisation, pasture biomass (PB) estimation, and
automated grazing detection. The preceding chapters demonstrated that these components function
independently with measurable performance, and establishing technical feasibility for commercial
application. Building on these foundations, this chapter consolidates and integrates the major findings,
discusses implementation pathways, acknowledges limitations, and proposes future research

directions for enhancing production efficiency in pasture-based dairy systems (P-BDS).



Chapter 8 | Discussion and Future Directions

KEY RESEARCH OUTCOMES

In Chapter 3, we examined whether ML combined with evolutionary algorithms could leverage
individual cow variability to increase milk production without additional feed costs. We integrated
Random Forest predictions with differential evolution algorithms across 81 cows over 91 days,
observing an 8% theoretical increase in herd-level daily milk yield without increasing concentrate
allocation. Building on these promising results, Chapter 4 implemented the approach on a commercial
farm with 165 cows over 30 days, evaluating four multi-objective evolutionary algorithms (NSGA-II,
SPEA-II, SMS-EMOA, RVEA) to compare their computational efficiency and production outcomes.
Statistical validation across ten independent runs demonstrated MY increases ranging from 6.63% to
8.64% depending on algorithm selection. NSGA-II achieved the highest performance (8.64%) with
fastest computation time, whilst SPEA-II delivered competitive performance (7.94%). These findings
address the critical research gap identified in the literature review (Cockburn, 2020; Dela Rue &
Eastwood, 2017) and provide first data-driven predictive evidence that automated systems integrating
ML with optimisation algorithms can estimate potential production gains under commercial conditions
by exploiting cow-to-cow variability for individualised supplementation decisions. Whilst mechanistic
equations such as those detailed in the NRC (2001) can theoretically be applied at the individual cow
level, they are calibrated on population averages and do not adapt to the specific conditions, pasture
base, or biological variability of individual farm systems. The data-driven approach developed in
Chapters 3 and 4 addresses this limitation directly by learning directly from farm-specific production
records, capturing system-specific relationships between cow characteristics, concentrate allocation,

and milk yield that population-derived equations cannot adequately represent.

Pasture biomass estimation was targeted for modelling in Chapter 5 and it required a different strategy
due to different reasons. We developed two complementary approaches to address the critical
limitations of remote sensing satellites identified in the literature review including cloud interference,
vegetation index saturation, and spatial transferability across diverse farm environments. In Chapter 5,
satellite-based methods using Sentinel-2 imagery mitigated temporal data gaps caused by cloud
interference through multiquadric radial basis interpolation of rising plate meter measurements, whilst
addressing vegetation index saturation by using full spectral bands rather than vegetation indices across
16 farms. We observed that augmenting training datasets with approximately 30% interpolated
observations improved performance from baseline R? of 0.63 (MAE = 243 kg DM/ha, RMSE =313 kg
DM/ha) to R? 0of 0.70 (MAE =216 kg DM/ha, RMSE =293 kg DM/ha), achieving comparable accuracy

to commercial platforms whilst using freely available satellite data.

For Chapter 6, we developed ML frameworks for automated grazing event detection from satellite data

across 12 commercial dairy farms using the interpolated data developed from Chapter 5. We observed
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that Random Forest achieved within-year detection performance of F1 = 0.878 (precision = 0.938,
recall = 0.825), demonstrating that temporal PB patterns from interpolated satellite observations provide
robust signals for identifying grazing events. However, when we tested these models across production
years, One-Class Support Vector Machine demonstrated superior temporal transferability with F1 =
0.692 (precision = 0.610, recall = 0.799), outperforming supervised models by 7.6% on independent
Year 2 data where supervised approaches experienced 24.2% average performance degradation.
Independent validation on 218 GPS-confirmed grazing events demonstrated strong pasture utilisation
quantification accuracy (pre-grazing R? = 0.966, post-grazing R*> = 0.998, removal R* = 0.922),
establishing that satellite systems accurately quantify PB availability, residuals, and removal when
adequate temporal alignment exists between measurements and grazing events. Complementing these
satellite-based approaches, Chapter 7 evaluated image-based PB estimation from smartphone imagery
paired with rising plate meter ground truth data, using transfer learning with frozen convolutional neural
network features and stacking ensemble methods. We achieved R? of 0.561 (MAE = 351 kg DM/ha,
RMSE = 437 kg DM/ha), with multi-architecture integration combining DenseNet121, ResNet50,
VGG16, and MobileNetV2 features and capturing complementary visual patterns. Critically,
smartphone methods maintained sensitivity across broader PB ranges where satellite-derived vegetation
indices saturate, positioning these approaches as complementary rather than competing technologies,
though substantial LOFO-CV performance degradation indicates that generalisation to unseen farm

environments remains a critical limitation requiring farm-specific calibration data to resolve.

Collectively, these findings address the aim of this thesis of developing and validating Al methods for
precision feeding optimisation, PB estimation, and automated grazing detection in P-BDS. This thesis
makes three distinct contributions extending scientific understanding beyond what was previously
known. First, the precision feeding work provides first empirical evidence that ML-based algorithms
integrated with evolutionary algorithms for individualised feeding quantifies production gains under
commercial conditions, moving beyond theoretical correlational models (Objective 1). The key
innovation lies in embedding predictive models directly within optimisation frameworks to exploit
individual cow variability, enabling exploration of supplementation strategies that conventional rule-
based approaches cannot evaluate whilst maintaining computational tractability for commercial
deployment. Second, it develops novel methodological approaches for overcoming persistent
limitations in PB estimation. The PB estimation work demonstrates that multiquadric interpolation
overcomes temporal data gaps from cloud interference when using satellites to monitor pastures, with
progressive training maintaining model accuracy across seasons by continuously updating parameters
with new observations rather than relying solely on historical data. Transfer learning from smartphone
imagery provides an accessible (albeit not achieving enough accuracy yet) alternative for ground-level
PB estimation, demonstrating that pretrained features from general computer vision combined with

ensemble methods can compensate for limited domain-specific training data (Objective 2). For satellites
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facing cloud interference and limited revisit frequency, the innovation combines data augmentation with
adaptive learning to maintain accuracy despite incomplete temporal coverage. For ground-based
systems with limited training data, the innovation demonstrates that knowledge transfer from general
computer vision can compensate for scarcity of domain-specific data. This establishes that platform
selection and ML methodology must be matched to address specific constraints, with each platform

offering complementary strengths for comprehensive farm monitoring.

Third, it establishes proof-of-concept for automated grazing event detection using freely available
satellite data, demonstrating that temporal PB patterns contain sufficient signal for reliable detection
whilst revealing fundamental trade-offs between absolute accuracy and temporal transferability. The
grazing event detection work establishes that semi-supervised anomaly detection outperforms fully
supervised approaches for cross-year transferability where interannual variability constrains model
performance (Objective 3). The superior cross-year performance of semi-supervised anomaly detection
compared to fully supervised classification approaches provides practical guidance for researchers and
practitioners developing automated monitoring systems where training data availability constrains
model development. This finding challenges common assumptions that supervised learning always
outperforms alternative paradigms when labelled training data exists, revealing that semi-supervised
approaches learning normal pasture growth patterns can be robust to interannual variation in
environmental conditions. This provides practical guidance for developing automated monitoring
systems where collecting extensive labelled data across multiple years proves prohibitively expensive,
suggesting that anomaly detection frameworks may achieve better long-term reliability than
classification approaches for agricultural applications experiencing high environmental variability
between seasons. However, whilst individual components demonstrate technical feasibility and address
critical research gaps, we identified some limitations across the three domains that warrant careful

consideration for future research.

LIMITATIONS AND RESEARCH GAPS

First, the precision feeding optimisation studies (Chapters 3 and 4) achieved demonstrable performance
improvements, but the results represent theoretical potential derived from correlational data within
existing management practices rather than causal evidence from experimental manipulation of
concentrate allocation. The dataset reflects management decisions based on existing production levels,
describing associations under standard practice rather than direct cause-and-effect responses to
systematic feed rate changes. This fundamental constraint prevents definitive claims about whether the
observed 8% to 8.5% yield improvements would materialise under controlled experimental conditions
where concentrate allocation is actively manipulated according to model recommendations. Insufficient

training data per individual cow further limited the ability of models to learn effectively from historical
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patterns, whilst fixed feeding rates restricted exploration of diverse supplementation strategies.
Validation through controlled field trials with systematic concentrate manipulation remains essential to
confirm practical efficacy and quantify actual economic returns before commercial deployment can be

recommended with confidence.

Second, satellite-based PB estimation in Chapter 5 encountered temporal and spatial transferability
constraints that affect practical deployment (Meyer & Pebesma, 2021; Ogungbuyi et al., 2024).
Temporal generalisation degraded substantially when models trained on Year 1 data were tested on
Year 2, with performance declining to R? of 0.24 compared to within-year accuracy of R* = 0.70.
Independent validation sets achieved moderate performance (R? = 0.44 and R? = 0.48), demonstrating
proof-of-concept but indicating that substantially more diverse training data spanning multiple years
and environmental conditions would be required to achieve the robustness necessary for reliable
commercial application. Multiquadric interpolation, whilst effective at filling cloud-induced data gaps,
may smooth abrupt PB declines following intensive grazing events, potentially underestimating
utilisation rates during rapid grazing periods. Additional, daily weather aggregates used in the models
may overlook short-lived environmental events that influence pasture growth dynamics, introducing
temporal resolution mismatches between predictor variables and actual biological processes.
Furthermore, all data-driven approaches remain fundamentally reliant on obtaining accurate ground
truth measurements, which are expensive, time-consuming to collect, and require continuous quality
verification to ensure Al systems produce acceptable outcomes. This dependency on labour-intensive
field measurements creates a persistent bottleneck constraining the scalability and reliability of machine
learning-based monitoring systems, emphasising the critical need for automated ground truth collection

infrastructure discussed in future research directions.

Third, grazing event detection in Chapter 6 faced the most severe temporal resolution limitation, with
80.6% of GPS-confirmed events excluded from validation due to insufficient temporal alignment
between satellite observations and grazing periods. Of 1,492 documented grazing events, only 218 had
adequate temporal bracketing with satellite measurements, fundamentally constraining our ability to
validate the detection framework across the full spectrum of management scenarios. This severe
exclusion rate prevented comprehensive reporting of yearly pasture utilisation at both farm and paddock
levels, limiting our capacity to quantify cumulative grazing patterns and establish baseline utilisation
metrics for commercial dairy farms. The 5-day nominal revisit frequency of Sentinel-2 combined with
cloud interference creates temporal gaps that miss the 24 to 48 hour grazing periods characteristic of
intensive rotational systems, where paddock-level PB can decline by 500 to 1,500 kg DM/ha within
short timeframes. It follows that this limitation might be overcome as new and upgraded satellites are
deployed in the future. Supervised classification models experienced 24.2% average performance

degradation when transferred across production years, highlighting sensitivity to interannual variability
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in weather patterns and management practices. Furthermore, systematic measurement bias in rising
plate meter calibrations propagates directly through multiquadric interpolation workflows, meaning that
any inherent errors in ground truth measurements become embedded within satellite-derived estimates

and require correction strategies going forward (Murphy et al., 2022).

Finally, smartphone-based PB estimation in Chapter 7 demonstrated severe spatial generalisation failure
that limits immediate scalability. Leave-one-farm-out cross-validation revealed mean R? of -0.009
compared to within-dataset test performance of R? = 0.561, exposing farm-specific dependencies that
prevent application to new farms without additional training. This spatial limitation was compounded
by several data collection constraints. Single smartphone images captured per paddock cannot represent
spatial heterogeneity arising from soil variation, topographic gradients, and differential grazing
pressure. Additionally, the absence of point-level GPS coordinates for individual rising plate meter
measurements prevented linking ground truth to specific locations within paddocks, constraining model
training to paddock-averaged values rather than exploiting fine-scale spatial patterns. The training
dataset of 3,291 images, whilst unique (15 farms and paddocks within them systematically sampled and
monitored over 2 years) and sufficient for transfer learning with frozen features, proved inadequate for
training deep learning (DL) architectures from scratch, suggesting that substantially larger datasets
spanning diverse farm environments may be required to improve spatial generalisation. Although this
was an undesirable outcome, the results constitute a substantial contribution to science. Additionally,
rising plate meter ground truth measurements contain inherent uncertainty, with calibration
relationships typically explaining 70% to 80% of PB variance (Earle & McGowan, 1979), establishing
a fundamental ceiling on achievable prediction accuracy regardless of modelling sophistication.
Furthermore, the scale of data collection, model development, and validation required for robust spatial
generalisation exceeds individual farm capacity, necessitating institutional support from research
organisations, universities, and government agencies that individual farmers cannot provide

independently.

Beyond these technical and institutional constraints, the practical adoption of integrated precision
management systems in commercial pasture-based dairy operations raises broader considerations that
warrant acknowledgement. Reliance on satellite imagery, sensor data, and machine learning models for
feed budgeting and grazing management decisions introduces a form of technological dependency that
did not exist under traditional management practices, where these decisions were grounded in direct
observation and accumulated farm-level experience. Over time, the progressive transfer of these
decisions to data-driven systems risks eroding the practical knowledge that experienced dairy producers
develop through sustained engagement with their herds and pastures. Furthermore, the data
infrastructure, technical expertise, and ongoing investment required for fully integrated systems may

favour larger commercial operations, concentrating the productivity advantages of precision
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management among farms with greater resources, whilst smaller pasture-based operations may lack the

capacity to fully participate.

FUTURE RESEARCH DIRECTIONS

Pasture-based dairy farming stands at a turning point where Al can transform how farmers manage their
operations, moving from reactive decision-making to predictive systems that optimise every paddock
and every cow. The integrated precision management framework illustrated in Fig. 1.1 shows what a
dairy farm with fully integrated precision management could look like, where advanced monitoring
systems can accurately estimate PB, track growth rates, quantify availability, and measure utilisation
across every paddock and farm. Automated detection systems identify when and where each herd
grazes, how much pasture was harvested, and what the actual intake patterns look like throughout the
day. This information combined with environmental data and individual cow characteristics to inform
precise resource allocation decisions, determining optimal concentrate supplementation for each animal
based on actual pasture intake and production potential. Imagine the power this information would give
farmers, knowing exactly which paddocks have sufficient feed, understanding why cows might not be
eating in certain areas, identifying underperforming pastures before they become problems, and
adjusting feeding strategies in real-time rather than reacting days later when milk production has already
dropped. This could represent a fundamental shift from labour-intensive manual monitoring and flat-
rate feeding toward data-driven management that maximises milk production whilst minimising feed
waste and labour costs. However, realising this vision requires addressing the aforementioned
fundamental limitations identified through five strategic research priorities that would enable the

closed-loop management system necessary for transforming pasture-based dairy production.

First, multi-sensor fusion achieving daily temporal resolution represents the most critical technical
advancement required for operational grazing detection and utilisation monitoring. Future research must
prioritise integration of synthetic aperture radar with optical imagery to overcome cloud interference
and insufficient revisit frequency that currently exclude a lot of grazing events from validation.
Synthetic aperture radar systems provide all-weather capabilities independent of cloud cover, whilst
optical sensors capture detailed vegetation spectral characteristics, and combining these complementary
data sources enables continuous monitoring regardless of atmospheric conditions (Holtgrave et al.,
2023; Lobert et al., 2021; Mercier et al., 2019). Whilst current freely available platforms like Sentinel-
1 and Sentinel-2 demonstrate this potential, future satellite constellations and emerging high-frequency
systems may offer enhanced temporal coverage and spatial resolution. However, commercial viability
requires that these systems remain cost-effective for farmers, either through continued open-access data
policies or affordable subscription models that deliver value exceeding traditional monitoring costs.

Development efforts should focus on cross-sensor calibration algorithms enabling consistent PB
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estimation across different radar and optical measurement systems, and temporal interpolation methods
that preserve abrupt PB removal signals that occur during grazing events rather than smoothing them
through averaging. Dense temporal coverage would facilitate precise identification of grazing events
through continuous PB trajectory monitoring whilst enabling discrimination between gradual

senescence and rapid pasture harvest patterns.

Second, automated ground truth collection infrastructure would provide a transformative opportunity
eliminating labour-intensive manual measurements that constrain satellite estimation accuracy.
Machine learning models are only as accurate as the ground truth data used to train them, and manual
rising plate meter measurements suffer from operator variability, spatial sampling inconsistencies, and
temporal gaps that limit model performance. Future research should develop and validate autonomous
robotic platforms equipped with multiple sensors including rising plate meters, ultrasonic sensors, and
spectral measurement devices capable of collecting georeferenced measurements across paddocks on
regular schedules with minimal human intervention, reducing labour requirements to periodic
calibration whilst automating routine data collection and providing the precision and consistency
essential for training robust estimation models (Correa-Luna et al., 2024). These robotic systems
equipped with sensors could traverse paddocks systematically, recording measurements with precise
geolocation enabling direct linkage to satellite pixels whilst generating dense spatial and temporal
datasets enriching training data. Because environmental conditions change continuously throughout the
production cycle, automated ML pipelines ingesting robotic measurements and retraining estimation
models would enable near real-time updates maintaining accuracy as conditions evolve, addressing

temporal drift when models encounter novel environmental scenarios (Azubuike et al., 2025b).

Third, controlled experimental validation establishing causal evidence for precision feeding
optimisation demands systematic field trials implementing machine learning-optimised
recommendations through automated feeding systems compared against flat-rate controls. Future
research must evaluate alternative multi-objective evolutionary algorithms beyond NSGA-II and
SPEA-II tested in this thesis, incorporating broader cow characteristics including body condition score,
genetic merit, walking distance, track conditions, and behavioural sensor data to enhance model
robustness (Azubuike et al., 2025a). Critically, trials require substantially more training data per
individual cow enabling models to learn effectively from historical patterns, whilst systematic
concentrate manipulation across sufficient animals, duration, and farm diversity would definitively
establish whether productivity gains materialise under active experimental conditions. Development of
explainable Al methodologies providing interpretable justifications for feeding allocation decisions
would address farmer concerns about algorithmic transparency, demonstrating how individual decisions

aggregate to herd-level outcomes.
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Fourth, advanced DL architectures and substantially expanded training datasets offer essential pathways
for improving spatial transferability and prediction accuracy. Future research should prioritise advanced
time-series models including transformers, autoencoders, and recurrent architectures with LSTM layers
that exploit temporal image sequences to predict PB trajectories, attention mechanisms automatically
identifying PB-relevant image regions, and Bayesian DL providing uncertainty quantification through
prediction confidence intervals supporting risk-based decision-making. Three-dimensional imaging
approaches using stereo cameras or structure-from-motion photogrammetry may improve estimation
for prostrate species by capturing canopy height information unavailable from RGB imagery.
Expanding training datasets to thousands of images spanning diverse farm environments, soil types,
pasture species compositions, and management practices may enable end-to-end fine-tuning of DL
architectures trained from scratch, improving spatial generalisation beyond current transfer learning
approaches with frozen features. Progressive training strategies continuously updating model
parameters with site-specific observations would provide data-efficient adaptation pathways, requiring
development of standardised protocols establishing minimum ground truth requirements whilst

minimising farmer time investments.

As progress is made toward addressing these barriers, integration into unified precision management
platforms depicted in Fig. 1.1 becomes feasible. Future research must develop software architectures
seamlessly integrating validated components within farmer-accessible interfaces translating complex
spatial datasets into actionable management recommendations. Integration frameworks should handle
heterogeneous data streams from satellites, smartphones, automated feeding systems, and behavioural
sensors, whilst incorporating economic optimisation algorithms demonstrating value proposition across
diverse farm scales. The pathway forward requires sustained research investment, industry
collaboration, and farmer engagement, but the demonstrated capabilities and clear priorities established
through this work provide confidence that artificial intelligence has potential to transform pasture-based
dairy farming, delivering productivity gains essential for addressing the efficiency and sustainability

challenges facing dairy systems globally.
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APPENDIX A

CHAPTER 3: MILK YIELD PREDICTION AND GRAIN-BASED OPTIMISATION CODE

This appendix presents key code excerpts from the model comparison and concentrate optimisation
analysis conducted in Chapter 3. The complete implementation is provided in two files: (1)
modelling.ipynb containing comparative evaluation of Random Forest, Neural Networks, LSTM, and
Gaussian Process models for milk yield prediction; and (2) scipy_optimisation.py implementing
Scipy's differential evolution algorithm for concentrate allocation optimisation. Both files are available

in the project repository at: https://github.com/Stansfash/thesis-

python_codes/tree/main/chapter-3-data-driven-optimisation

File 1: Model Comparison Notebook

» Random Forest with grid search cross-validation
* Neural networks with Adam and SGD optimisers
* LSTM for time series prediction

* Gaussian Process regression

» Comparative performance evaluation

File 2: Scipy Differential Evolution Script

» Differential evolution optimisation algorithm
* Linear constraints for daily budget
* Dynamic bounds based on previous day

* Day-by-day optimisation over 91 days

A.1 Random Forest Model Training
The Random Forest model was trained with grid search cross-validation to identify optimal
hyperparameters:

from sklearn.ensemble import RandomForestRegressor

from sklearn.model selection import GridSearchCV
# Define parameter grid
param_grid = {

'n_estimators': [100, 500, 800],
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'max_depth': [10, 20, None],
'min_samples_split': [2, 5, 10],
'min_samples_leaf': [1, 2, 4]

# Initialise model

rf = RandomForestRegressor(random_state=42)

# Grid search with cross-validation
grid_search = GridSearchCV(
rf,
param_grid,
cv=5,
scoring="'neg_mean_squared_error',

n_jobs=-1

# Train

grid_search.fit(X_train, y_train)

# Best model

best_rf = grid_search.best_estimator_

Source: model _comparison.ipynb, Random Forest section

A.2 Differential Evolution Optimisation

Scipy's differential evolution algorithm optimises concentrate allocation with linear constraints:

from scipy.optimize import differential_evolution, LinearConstraint

import numpy as np

# Define bounds for each cow
if 1 ==
# First day: initial bounds
bounds = [(5, 9)] * num_cows
else:
# Subsequent days: dynamic bounds
lower_bounds = np.maximum(optimal_conc_values_day - 1, 5)
upper_bounds = np.minimum(optimal_conc_values_day + 1, 9)

bounds = list(zip(lower_bounds, upper_bounds))

# Linear constraint: total concentrate < budget

linear_constraint = LinearConstraint(
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np.ones((1, num_cows)),
lb=[total_actual_conc * 0.95],

ub=[total_actual_conc]

# Run optimisation

result = differential_evolution(
objective_function,
bounds,
args=(current_day_df,),

constraints=[linear_constraint]

# Extract optimal solution

optimal_conc_values_day = result.x

Source: scipy_optimisation.py, lines 122-152

A.3 Objective Function

The objective function predicts total milk yield for a given concentrate allocation:

def objective_function(x, data):

Calculate total predicted milk yield.

Args:
x: Concentrate allocation per cow

data: Current day DataFrame

Returns:

float: Negative total milk yield (for minimisation)
# Update concentrate values
data_copy = data.copy()

data_copy[ 'lact"'] data_copy[ 'lact'].astype('object")

data_copy[ 'conc'] X

# Prepare features

X = data_copy.drop(['id', 'my', 'smp_date'], axis=1)

# Predict milk yield
predicted_my = loaded_model.predict(X)
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# Append to tracking lists
predictions.append(predicted_my)

objective_values.append(-np.sum(predicted_my))

# Return negative sum (for maximisation)

return -np.sum(predicted_my)

Source: scipy_optimisation.py, lines 97-120

Note: The complete implementation includes:

» Comprehensive model comparison across _four algorithms
* Grid search hyperparameter optimisation

* Differential evolution with linear constraints

* Dynamic bounds for smooth day-to-day transitions

* Results export for 91 days of optimisation

Repository access:

Model comparison:
https://github.com/Stansfash/thesis-python_codes/blob/main/chapter-3-data-
driven-optimisation/Chapter_3 modelling.ipynb

Optimisation:

https://github.com/Stansfash/thesis-python_codes/blob/main/chapter-3-data-

driven-optimisation/Chapter_3 Optimisation_code.py
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APPENDIX B

CHAPTER 4: KEY CODE IMPLEMENTATIONS

This appendix presents key code excerpts from the machine learning pipeline and optimisation
framework developed in Chapter 4 for MY prediction and optimisation of supplementary cow feed.
Complete implementations of all scripts, including data loading, error handling, and auxiliary
functions, are available in the project repository at: https://github.com/Stansfash/thesis-

python_codes/tree/main/chapter-4-machine-learning

B.1 Machine Learning Pipeline Construction
The following function creates the preprocessing and modeling pipeline used throughout Chapter 4. It
automatically identifies numerical and categorical features, applies appropriate transformations, and

combines them with the machine learning model.

def create_pipeline(model, X_train):
"""Creates ML pipeline with preprocessing steps."""
numeric_features = X_train.select_dtypes(
include=["int64"', 'float64']).columns
categorical features = X _train.select_dtypes(

include=["'object']).columns

numeric_transformer = StandardScaler()
categorical_transformer = OneHotEncoder(

handle_unknown="ignore")

preprocessor = ColumnTransformer(
transformers=[
("num', numeric_transformer, numeric_features),

('cat', categorical_transformer, categorical_ features)

)
pipeline = Pipeline(steps=[
('preprocessor', preprocessor),

('model’, model)
D

return pipeline

Source: chapter-4-machine-learning/train_model.py, lines 100-125

B.2 Model Evaluation Metrics
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The evaluation function calculates comprehensive performance metrics for model assessment:

def evaluate(true, predicted):

Calculate evaluation metrics.
mae = round(mean_absolute_error(true, predicted), 4)
mape = round(mean_absolute_percentage_error(

true, predicted), 4)
mse = round(mean_squared_error(true, predicted), 4)
msle = round(mean_squared_log error(true, predicted), 4)
rmse = round(np.sqrt(mse), 4)
rmsle = round(np.sqrt(msle), 4)

r2 = round(r2_score(true, predicted), 4)

return mae, mape, mse, msle, rmse, rmsle, r2

Source: chapter-4-machine-learning/train_model.py, lines 128-147

B.3 Optimisation Problem Definition
The multi-objective optimisation problem defines decision variables (concentrate allocation per cow),

objectives (maximise milk yield, minimise deviation), and constraints:

class DairyOptimisationProblem(ElementwiseProblem):
def __init__ (self, current_day_df, total_actual_conc,
loaded_model, previous_day_df=None):
self.current_day_df = current_day_df
self.total_actual_conc = total_actual_conc
self.loaded_model = loaded_model

self.previous_day_df = previous_day_df

num_cows = len(current_day_df)

bounds = [get_dynamic_bounds(cow_id, current_day_df,
previous_day_df)
for cow_id in current_day_df['cow_id']]

x1, xu

zip(*bounds)

super().__init__(n_var=num_cows, n_obj=2, n_constr=1,

xl=np.array(x1l), xu=np.array(xu))

def _evaluate(self, x, out, *args, **kwargs):

self.current_day_df['conc'] = x

X = self.current_day_df[["breed", "dim", "sol",

"lact", "vp", "min_temp", "max_temp",

"rh_tmin", "rh_tmax", "conc"]]
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predicted_my = self.loaded_model.predict(X)

total_my = -np.sum(predicted_my)
total_conc = np.sum(x)
deviation_conc = np.abs(total_conc -
self.total_actual_conc)
constraint = [total_conc -

(self.total_actual _conc * 0.999)]

out["F"] = [total_my, deviation_conc]
out["G"] = constraint

Source: chapter-4-machine-learning/multi_algorithm_optimization fixed.py, lines 91-116

B.4 Dynamic Concentrate Bounds
To prevent abrupt dietary changes, concentrate allocation is constrained based on previous day's

allocation (£2 kg), with absolute limits of 6-11 kg per cow:

def get_dynamic_bounds(cow_id, current_day_df, previous_day_df):

Determine bounds for concentrate allocation.
if (previous_day_df is not None and

cow_id in previous_day_df['cow_id'].values):

previous_conc = previous_day_df[
previous_day_df['cow_id'] == cow_id

1["conc'].values[0]

lower_bound = max(6, previous_conc - 2)
upper_bound = min(11, previous_conc + 2)

else:

1]
o))

lower_bound

upper_bound = 11

return lower_bound, upper_bound

Source: chapter-4-machine-learning/multi_algorithm_optimization_fixed.py, lines 64-84

B.5 Algorithm Initialisation
All four evolutionary algorithms (NSGA-II, SPEA2, SMS-EMOA, RVEA) are initialised with identical
parameters to ensure fair comparison:

def get_algorithm(algorithm_name):

Initialize algorithm with identical parameters.

common_params = {
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'pop_size': 200,

'sampling': FloatRandomSampling(),

'crossover': SimulatedBinaryCrossover(
eta=15, prob=0.95),

'mutation’: PolynomialMutation(eta=20),

'eliminate_duplicates': True

}

if algorithm_name == 'NSGA2':
return NSGA2(**common_params)

elif algorithm_name == 'SPEA2':
return SPEA2(**common_params)

elif algorithm_name == 'SMSEMOA':
return SMSEMOA(**common_params)

elif algorithm_name == 'RVEA':

ref_dirs = get_reference_directions(
"das-dennis", n_dim=2, n_points=200)
return RVEA(ref_dirs=ref_dirs, **common_params)

Source: chapter-4-machine-learning/multi_algorithm_optimization_fixed.py, lines 123-153

Repository files:
* train_model.py (348 lines) - Complete model training script
» multi_algorithm_optimisation_fixed.py (404 lines) - Full optimisation framework

* statistical _analysis.py - Statistical comparison of algorithms
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APPENDIX C

CHAPTER 5: SENTINEL-2 PB PREDICTION IMPLEMENTATION CODE

This appendix presents key code excerpts from the Sentinel-2 based pasture biomass prediction analysis
conducted in Chapter 5. The complete implementation is provided in two Jupyter notebooks: (1)
data_cleaning.ipynb containing data preprocessing, merging of multiple data sources (plate meter,
Sentinel-2, weather, grazing records), and creation of modelling datasets with various interpolation
strategies; and (2) modelling_visualisations.ipynb containing model training, evaluation across
multiple scenarios, and results visualisation. Both notebooks are available in the project repository at:

https://github.com/Stansfash/thesis-python_codes/tree/main/chapter-5-sentinel-

biomass-prediction

Notebook 1: Data Cleaning and Preprocessing

» Merging plate meter, Sentinel-2, weather, and grazing data
» Temporal alignment and common date extraction
» Multiple interpolation strategies (linear, yearly, 2-year)

* Validation set creation (temporal and spatial splits)

Notebook 2: Modelling and Visualisations

» Feature selection impact analysis

* Interpolation method comparison

» Temporal transferability assessment
* Progressive training evaluation

*» Farm-level and regional performance analysis

C.1 Data Merging and Temporal Alignment
The following approach demonstrates merging multiple data sources and extracting common temporal

coverage:

# Extract common dates across all data sources

def extract_common_dates(plate_df, sentinel_df, weather_df):

Find dates present in all data sources.

Returns:
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DataFrame: Merged data with common dates

# Get unique dates from each source
plate_dates = set(plate_df['date'].unique())
sentinel_dates = set(sentinel_df['date'].unique())

weather_dates = set(weather_df['date'].unique())

# Find intersection

common_dates = plate_dates & sentinel_dates & weather_dates

# Filter to common dates
plate_common = plate_df[plate_df['date'].isin(common_dates)]
sentinel common = sentinel df[sentinel df['date'].isin(common_dates)]

weather_common = weather_df[weather_df['date’'].isin(common_dates)]

# Merge on date and paddock
merged = plate_common.merge(sentinel_common, on=['date', 'paddock'])

merged = merged.merge(weather_common, on='date')

return merged

Source: data_cleaning.ipynb, Common dates section

C.2 Interpolation Strategy
Multiple interpolation strategies were tested to handle missing Sentinel-2 observations due to cloud
cover. Example linear interpolation implementation:

# Linear interpolation for NDVI time series

def interpolate_sentinel_data(df, method='linear'):

Interpolate missing Sentinel-2 values.

Args:
method: 'linear', ‘'yearly', or ‘'yearly2'

df_sorted = df.sort_values(['paddock', 'date'])
sentinel cols = ['NDVI', 'EVI', 'NDWI', 'SAVI']
if method == 'linear':

# Group by paddock and interpolate

interpolated = df_sorted.groupby('paddock')[sentinel_cols].apply(

lambda x: x.interpolate(method='linear', 1limit=30)
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elif method == 'yearly':
# Interpolate within each year only
interpolated = df_sorted.groupby([ 'paddock', 'year'])[sentinel_cols].apply(

lambda x: x.interpolate(method='linear")

return interpolated

Source: data_cleaning.ipynb, Interpolation section

C.3 Model Training and Evaluation

XGBoost models were trained with various feature combinations. Example training structure:

import xgboost as xgb

from sklearn.metrics import mean_squared_error, r2_score

# Prepare features

feature_sets = {
"NDVI_only': ['NDVI'],
'NDVI_weather': ['NDVI', 'temp_min', 'temp_max', ‘'rainfall’],
'All_features': ['NDVI', 'EVI', 'SAVI', 'temp_min', 'temp_max', ‘'rainfall’]

results = (NRC, 2001)

for name, features in feature_sets.items():
# Train model
model = xgb.XGBRegressor(
n_estimators=100,
max_depth=6,
learning_rate=0.1

)
model.fit(X_train[features], y_train)

# Evaluate
y_pred = model.predict(X_test[features])

results[name] = {

'RMSE': np.sqrt(mean_squared_error(y_test, y pred)),
'R2"': r2_score(y_test, y_pred)
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Source: modelling visualisations.ipynb, Part 1

Note: The complete implementation includes:

» Comprehensive data cleaning and merging pipelines

* Multiple interpolation strategies with comparative analysis
» Temporal and spatial validation approaches

* Feature selection and progressive training experiments

» Farm-level and regional performance visualisations

Repository access:

Data cleaning:

https://github.com/Stansfash/thesis-python_codes/blob/main/chapter-5-

sentinel-biomass-prediction/Chapter_ 5 data_cleaning.ipynb

Modelling:

https://github.com/Stansfash/thesis-python_codes/blob/main/chapter-5-

sentinel-biomass-prediction/Chapter_5 modelling_visualisations.ipynb
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APPENDIX D

CHAPTER 6: GRAZING EVENT DETECTION IMPLEMENTATION CODE

This appendix presents key code excerpts from the grazing event detection analysis conducted in
Chapter 6. The complete implementation is provided as a Jupyter notebook containing data
preprocessing, multiple detection algorithms (Blocks 1-12), model evaluation, and visualisation code.
The full notebook (Chapter_6_Grazing_Detection_Notebook.ipynb), including all analysis blocks
and  figure  generation code, is available in the  project repository  at:
https://github.com/Stansfash/thesis-python_codes/tree/main/chapter-6-grazing-

detection

Notebook Structure:

* Library imports and data loading functions
* Detection algorithm blocks (Blocks 1-12)
» Statistical analysis and model evaluation

* Results visualisation (Figures 1-7)

D.1 Data Loading and Preprocessing
The following function demonstrates the data loading approach used throughout the analysis. It loads

data from multiple folders and file patterns:

def load_files_from_folders(folders, patterns):

Loads files from specified folders matching patterns.

Args:
folders (list): List of folder paths
patterns (list): File patterns to match

Returns:

dict: Dictionary of DataFrames by filename

dataframes = {}

for folder in folders:
for pattern in patterns:

file_path = os.path.join(folder, pattern)

179


https://github.com/Stansfash/thesis-python_codes/blob/main/chapter-6-grazing-detection/Chapter_6_Grazing_Detection_Notebook.ipynb
https://github.com/Stansfash/thesis-python_codes/tree/main/chapter-6-grazing-detection
https://github.com/Stansfash/thesis-python_codes/tree/main/chapter-6-grazing-detection

Appendix | Supplementary Materials

matching_files = glob.glob(file_path)

for file in matching_files:
filename = os.path.basename(file)
df = pd.read_csv(file)

dataframes[filename] = df

return dataframes

Source: Jupyter notebook, Cell 15

D.2 Grazing Detection Algorithm Structure
The grazing detection algorithms (Blocks 1-12) follow a consistent structure for model training,
validation, and evaluation. Each block implements different combinations of features, temporal

windows, and validation strategies. The general pattern for supervised learning blocks is:

# Example structure from detection blocks

# 1. Feature engineering and data preparation

>
]

df[feature_columns]

df['target_variable']

<
]

# 2. Train-test split (temporal or random)
X_train, X_test, y_train, y_test = train_test_split(

X, y, test_size=0.2, random_state=42

# 3. Model training

model = RandomForestClassifier(
n_estimators=100,
max_depth=10,
random_state=42

)
model.fit(X_train, y_train)

# 4. Prediction and evaluation

y_pred = model.predict(X_test)

# 5. Performance metrics
from sklearn.metrics import (
accuracy_score, precision_score,

recall_score, fl_score
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metrics = {
'accuracy': accuracy_score(y_test, y pred),
'precision’': precision_score(y_test, y pred),
'recall': recall_score(y_test, y_pred),
"f1': f1_score(y_test, y_pred)
}
Source: Generalised pattern from Blocks 1-12

D.3 Results Visualisation
The notebook includes comprehensive visualisation code for presenting results. The figures use Plotly

for interactive visualisations. Example structure for model comparison plots:

import plotly.graph_objects as go

# Prepare performance data
models = ['Model_1', 'Model_2', 'Model_3']
f1_scores = [0.89, 0.87, 0.85]

# Create bar chart
fig = go.Figure(data=[
go.Bar(
x=models,
y=f1l scores,

marker_color="rgb(55, 83, 109)'

D

# Update layout

fig.update_layout(
title="Model Performance Comparison',
xaxis_title="Model’,
yaxis_title="F1l Score’,

showlegend=False

fig.show()

Source: Simplified from Figure generation cells

Note: The complete Jupyter notebook contains:

* 12 detection algorithm blocks with full implementations
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» Comprehensive model evaluation across multiple metrics

* Statistical analysis and validation code

» Complete figure generation code for all 7 figures
Repository access:

https://github.com/Stansfash/thesis-python_codes/blob/main/chapter-6-grazing-
detection/Chapter_6_Grazing Detection_Notebook.ipynb
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APPENDIX E

CHAPTER 7: PB PREDICTION WITH IMAGES IMPLEMENTATION CODE

This appendix presents key code excerpts from the pasture biomass prediction analysis conducted in
Chapter 7. The complete implementation is provided as a Jupyter notebook containing image
preprocessing, feature extraction, model training (baseline and deep learning experiments), stacking
ensemble methods, and results analysis. The full notebook
(Chapter_7_Biomass_Prediction_from_images_notebook.ipynb), including all experiments (1-
21), feature importance analysis, seasonal performance evaluation, and visualisation code, is available
in the project repository at: https://github.com/Stansfash/thesis-

python_codes/tree/main/chapter-7-biomass-prediction-from-images

Notebook Structure:

* Part 1A: Exploratory data analysis and data loading

* Part 1B: Feature extraction and baseline experiments (Experiments 1-7)
* Part 2: Transfer learning experiments (Experiments 8-14)

» Part 3: Stacking and ensemble analysis (Experiments 15-21)

* Part 4: Results export and performance metrics

* Additional: Feature importance, seasonal analysis, biomass distribution

E.1 Image Feature Extraction

The following function extracts colour and texture features from pasture images for biomass prediction:

def extract_features(image_path):

Extract colour and texture features from image.

Returns:

dict: Feature dictionary with RGB, HSV stats
img = cv2.imread(image_path)
img_rgb = cv2.cvtColor(img, cv2.COLOR_BGR2RGB)
img_hsv = cv2.cvtColor(img, cv2.COLOR_BGR2HSV)

features = {}

# RGB channel statistics
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for i, channel in enumerate(['R', 'G', 'B']):
features[f'{channel} mean'] = img_rgb[:,:,i].mean()
features[f'{channel}_std'] = img_rgb[:,:,i].std()

features[f'{channel}_median'] = np.median(img_rgb[:,:,1i])

# HSV channel statistics
for i, channel in enumerate(['H', 'S', 'V']):
features[f'{channel}_mean'] = img_hsv[:,:,i].mean()

features[f'{channel}_std'] = img_hsv[:,:,i].std()

return features

Source: Part 1B, Feature extraction section

E.2 Model Training and Evaluation
The baseline experiments (Experiments 1-7) compare multiple regression algorithms. Example training

and evaluation structure:

# Prepare data

X_train, X_test, y_train, y_test = train_test_split(
X, y, test_size=0.2, random_state=42

)

# Standardise features

scaler = StandardScaler()

X_train_scaled = scaler.fit_transform(X_train)

X_test_scaled = scaler.transform(X_test)

# Train Random Forest model

model = RandomForestRegressor(
n_estimators=100,
max_depth=20,
random_state=42

)

model.fit(X_train_scaled, y_train)

# Evaluate performance

y_pred = model.predict(X_test_scaled)

metrics = {
"RMSE': np.sqrt(mean_squared_error(y_test, y_pred)),
'"MAE': mean_absolute_error(y_test, y_pred),
'R2': r2_score(y_test, y_pred)

}

Source: Generalised from Experiments 1-7
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E.3 Stacking Ensemble Method
Experiments 15-21 implement stacking ensemble methods combining multiple base learners. Example
stacking structure:
# Define base models
base_models = {
"RF': RandomForestRegressor(n_estimators=100),
"GBM': GradientBoostingRegressor(n_estimators=100),
'Ridge': Ridge(alpha=1.0)
}

# Train base models and generate meta-features
meta_train = np.zeros((X_train.shape[0], len(base_models)))

meta_test = np.zeros((X_test.shape[0], len(base_models)))

for i, (name, model) in enumerate(base_models.items()):
model.fit(X_train_scaled, y_train)
meta_train[:, i] = model.predict(X_train_scaled)

meta_test[:, i] = model.predict(X_test_scaled)

# Train meta-learner
meta_model = Ridge(alpha=1.0)

meta_model.fit(meta_train, y_train)

# Final predictions

y_pred_stack = meta_model.predict(meta_test)
Source: Simplified from Part 3, Experiments 15-21
Note: The complete Jupyter notebook contains:
* 21 complete experiments with full implementations
* Transfer learning experiments using pre-trained CNNs
* Feature importance analysis and visualisation
* Seasonal and regional performance evaluation

» Complete results export and statistical analysis

Repository access:

https://github.com/Stansfash/thesis-python_codes/tree/main/chapter-7-biomass-

prediction-from-images
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