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Thesis Summary

Soil is a finite and irreplaceable resource that underpins agricultural systems, regulates water cycles
and presents opportunities for climate change mitigation. Consequently, the sustainable
management of soil is essential for guarding the security of agricultural production and ecosystems.
For this to occur, however, an accurate understanding of inherent soil properties and how they vary
spatially, is required. Within the lower Murrumbidgee valley of southern NSW, Australia, there is
a paucity of available data and land managers require more information on both the chemical and

physical properties of their soils and the presence of potential constraints to agricultural production.

While the development of novel approaches and ‘blue-sky’ research is important, the targeted
application of developed methods is essential in filling knowledge gaps and allowing benefits to
reach the end user, in this instance, farmers and land managers. Within the lower Murrumbidgee
valley farmers are a key stakeholder of the soil resource. Thus, they should be a key consideration
when designing, undertaking and communicating projects to ensure their outcomes are tangible.
Therefore, rather than seeking to develop novel approaches to digital soil mapping (DSM) and
digital soil assessment (DSA), this thesis utilises various methods recognised in literature to
develop outputs targeted to the cotton industry in southern NSW. Using a collected dataset of 153
soil cores to 1 m depth from across the region, soil profiles are morphologically described, soil
properties are modelled and mapped at the within-field and regional scales, before a regionally

specific classification is developed.

In this thesis the review of literature, Chapter 2, synthesises knowledge from various disciplines to
tell the story of how soils of the lower Murrumbidgee valley have evolved. Considerations of the
regional geomorphological characteristics explain how the soils have developed, the extent to
which they vary and how, despite a rich history of soils research, there are limitations to the publicly
available soils information and DSM products. To prevent unnecessary repetition in different
research chapters, Chapter 3 outlines the datasets used in this study: the ‘full dataset’, the ‘valley-
wide subset’ and the ‘within-field subset’, as well how soil samples were obtained. Along with
outlining the laboratory methods used to obtain the data used in the ensuing chapters, it also
describes how visible near infrared (VisNIR) spectroscopy was used to predict sand and clay

content. A description on how spatial covariates were acquired is included also.
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Chapter 4 is the first research chapter of this thesis and entails the morphological description of
soil cores from the ‘full dataset’ as outlined in Chapter 3. It was determined that previous soil
groupings did not appropriately account for the 153 described soil profiles. Consequently, a new
classification was developed, with ten soil classes presented alongside a bifurcating classification
key. These classes were placed in four broader groups: Red-Brown clays, Grey clays, Earths and
Deep sands. Clays, of both colour groups, were the most prolific soil types across the region. This
is shown spatially through the mapping of soil groups across the region to a 90 m resolution using
a random forest classification model. Higher density sampling within two fields allowed for
transects to be developed. At one site a streambed sand, importantly distinguished from dune sands,
was identified and the distinct morphological variability seen in soils to a depth of 1 m at the within-

field scale is highlighted.

Chapter 5 examines how the morphological variability identified in Chapter 4 relates to irrigated
cotton production at the within-field level. It identifies the complex relationship between cotton
lint yields and inherent soil properties within two paddocks on two farms that have significant yield
variability. It is demonstrated that on both sites clay and sand content are the most positively and
negatively correlated properties to yield, respectively. This associates more clayey textured soils
with higher cotton yields as a result of soil hydrological attributes such as water holding capacity,
a trend demonstrated through the derivation of production zones using available yield data.
Bespoke digital soil maps are produced to visualise the spatial variability in pH, electrical
conductivity of the extract (ECe), exchangeable sodium percentage (ESP), cation exchange
capacity (CEC), sand and clay content at a field scale using varied sample sizes. This demonstrated
the potential of simple linear models to predict soil properties at a moderate-to-good quality.
Considerations are then given as to how management zones can be used to improve irrigation and

overall production efficiencies.

Chapter 6 uses digital soil mapping (DSM) as a tool to understand the spatial variability of pH,
ECe, ESP, CEC, sand and clay content across the lower Murrumbidgee valley. Extreme Gradient
Boosting (XGBoost) models produced moderate model quality statistics when assessed using a
leave-one-site-out-cross-validation (LOSOCYV). The inclusion of layer mid-depth as a predictor
variable allowed for the concurrent modelling of the sampled depths, resulting in interpretable and

dynamic models. Statistical methods combined with an expert assessment of landscape trends
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allowed for the most parsimonious, but also pedologically sound, model for each soil property to
be developed. To undertake this process the understanding of the region’s geomorphology acquired
in Chapter 2 was required. SHapley Additive exPlanation (SHAP) values were effective in
interpreting the impact of predictor variables on model outputs. These values showed that the role
of spatial covariates varied depending on the soil property being modelled. An external point
support validation of available state, national and global DSM products for subsoil clay content
showed that the model statistics reported in literature for each product were poorer than when
validated using the data from this study. This indicates that these broader scale DSMs were unable
to identify local variability in subsoil clay content at the point support and suggests that region-

specific models are the best approach moving forward.

Chapter 7 utilises the DSM products developed in Chapter 6 to undertake a DSA of the region for
irrigated cotton production. DSAs are the application of DSMs into decision making aids capable
of answering specific questions. Multiple DSA products are created including depth to constraint
maps and the overall suitability classification which consisted of four classes: well suited, suited,
marginally suited and unsuited. Land was placed in these classes based on regionally specific
rulesets for the soil-landscape parameters of slope, plant available water capacity (PAWC) and soil
chemical constraints. The latter was determined based on the depth to which a plant limiting
threshold for pH or exchangeable sodium percentage (ESP) was reached. PAWC was predicted
using pedotransfer functions incorporating cation exchange capacity, sand and clay content. In
total, 16.7% of the land in the lower Murrumbidgee valley was classed as well suited to irrigated
cotton production and 18.4% was classed as unsuited with the remainder comprised of marginally
suited (34%) or suited (31%) land. A large proportion of the land classed as well suited has already
been developed for broadacre irrigated cropping. Understandings of the landscape gained through
the preceding chapters of this thesis, including the literature review, informed the targeted selection
of parameters and development of specific rulesets. It was apparent that, in the case of ESP,
previously used plant growth thresholds are not always appropriate as, if these had been applied,
land known to be capable of successfully growing cotton would have been classed as unsuitable.
The classification showed that areas most suited to irrigated cotton production that have not been

developed are in the south and central north of the lower Murrumbidgee valley.
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Overall, the use of different approaches, from morphological classifications to bespoke paddock
and regional DSMs are able to identify the extent of soil variability within the lower Murrumbidgee
valley of southern NSW. Through considerations of the landscape’s geomorphological
characteristics, this variability is linked and discussed in relation to pathways of palaeochannel
systems. It is demonstrated that significant variability occurs at both a regional and paddock scale.
Sharp contrasts are present in soil morphological features, with deep sands and heavy clays
occurring directly adjacent to each other with no topographical variability. It is made clear that
when this occurs the sandier soil texture has a significant, negative impact on cotton lint yield,
reducing the efficacy of presently used irrigation systems. At a regional scale it is apparent that,
like the within-field scale, the suitability for irrigated cotton production varies because of largely
inherent soil characteristics. Finally, conclusions will be drawn with the major findings synthesised
into two discussion points aimed at the stakeholders that this research was targeted towards:

farmers and agronomists.
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Chapter 1 — General Introduction

An understanding of soil properties and how they vary spatially is essential for economically
and environmentally sustainable agricultural management decision making. The highly
heterogeneous nature of soils, however, can make this challenging. Historically, spatial
understandings of soil variability have relied upon traditional survey methods. Within the lower
Murrumbidgee region this consisted of samples being taken at various distances along spaced
transects, with interpolations made based on surface inspections, landscape knowledge and
recurring patterns of vegetation (van Dijk and Talsma, 1964). In Australia, however, there has
been a steady decline in the number of traditional soil surveys being undertaken (Kidd et al.,
2020). Since the turn of the century, improved computational capacity and the availability of
spatial data has seen an increase in the application of digital soil mapping (DSM), however, the
accuracy of these products is reliant on observations of soil as input data. The sparseness of
this data in some regions of Australia, including the lower Murrumbidgee valley in southern
NSW, has seen previous research identify that models may not be applicable to this region
(Pozza et al., 2022) or are unable to identify soil variability across smaller spatial extents, such
as the farm scale (Han et al., 2022). This negates the potential of these resources to be used as

decision-support tools by farmers.

The lower Murrumbidgee valley in southern NSW falls centrally within the Murray Darling
Basin (MDB), within southern NSW, Australia (Figure 1.1). The MDB in its entirety
contributes over AUD $30 billion to the economy per annum (Murray Darling Basin Authority
[MDBA], 2024). Within the lower Murrumbidgee valley are the Murrumbidgee (MIA) and
Coleambally (CIA) Irrigation Areas, developed in the 1910s and 1960s, respectively. The
longstanding agricultural productivity in the MIA and CIA is underpinned by knowledge
gained from soil surveys undertaken prior to, or during, the development of these irrigation
areas. An understanding of the complex patterns of soil distribution was able to guide
infrastructure investment and allow for appropriate crops to be grown in specific areas. These
traditionally ranged from horticulture on lighter, sandier soil types to rice, or other broadacre
crops, on heavier clay soils (Figure 1.1). The diversity of agriculture within the region is

therefore tied to the diversity of the soil.
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Figure 1.1. A map of Australia showing the location of the lower Murrumbidgee valley and state of New South Wales.
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While the Murrumbidgee River is presently the major landscape feature of the region, it has
had little role in the deposition of the plain’s alluvial sediments. Instead, the surficial sediments
of the lower Murrumbidgee valley have resulted from four periods of temporally distinct
palaeochannel activity over the last 100,000 years. As a consequence of the changing
watercourses, there are numerous points on the landscape where these depositional systems are
intertwined, with highly variable soils occurring as a result. While an understanding of these
geomorphic features informed surveys in the east of the region, beyond the bounds of the MIA
and CIA there is a paucity of available soil data, and information more broadly. Even within
the surveyed areas, anthropogenic influences are likely to have significantly altered soils, with
land reformation a common practice to achieve consistent gradients for irrigation. Further,
much of the legacy data for the region is not geolocated, reducing its efficacy in either
understanding spatial-temporal variability or being incorporated into contemporary DSM

exercises.
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Figure 1.2. The distribution of landuses in the lower Murrumbidgee region, including irrigated
broadacre cropping, dryland cropping, conservation and horticulture (NSW Department of Climate
Change, Energy, the Environment and Water [DCCEEW], 2023). Also shown are the Murrumbidgee
River and its distributary systems as well as irrigation supply channels. The majority of the uncoloured
area is used for grazing.

The lack of accurately mapped soil types in the area, as identified by Holland and Eastwood
(2014), is largely due to a dearth of available soil data within the region. This can be visualised

through the density of sample sites contained within the National Soil Site Collation (Figure
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1.2). This issue is not unique to the lower Murrumbidgee valley, with patches of both dense
and sparse soil data spread throughout Australia (Figure 1.2). This can result in spatial
autocorrelation, where DSM model quality statistics are inflated due to clusters of datapoints.
When these models make predictions into an area where data is sparse, such as the lower
Murrumbidgee valley, the model may inaccurately represent the landscape due to the
representation of data in dense as opposed to sparse areas, diminishing the value of the product.
An example of this was seen in a study mapping sodicity across the MDB using collated soil
surveys and publicly available data (Pozza et al., 2022). An area of applicability analysis
showed that the model was not applicable to almost the entirety of the lower Murrumbidgee
valley (Pozza et al., 2022). The impact of this paucity of information was specifically noted
following the expansion of the cotton industry from traditional growing regions in northern
NSW, including the Gwydir, Namoi and Macquarie valleys, into the south of the state (Holland
and Eastwood, 2014).

Count of observations
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B 30 0 1000 km
0 40 e ________ _____ _ _ __l
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Figure 1.3. A map showing the relationship between soil observations and the covariate feature space
that these samples are able to represent. Yellow areas have a greater density of samples in the covariate
feature space that is associated with the sample locations (Searle et al. 2021, Fig. 1). The approximate
bounds of the lower Murrumbidgee valley are shown in red.
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Australia is one of the top 10 producers, and the third largest exporter, of cotton globally (Khan
et al., 2020) with a production forecast of 5 million bales in 2023/24 (USDA, 2024). Cotton
production in Australia first came to prominence in the 1960's with little expansion into
southern NSW in the following decades despite a despite a research centre in Griffith (Conaty
et al., 2022). Over the last decade, however, the industry has made a resurgence as a profitable
and attractive crop to farmers within the region. Gupta and Hughes (2018) note an increase in
cotton plantings from less than 5,000 hectares (ha) before 2010-11 to roughly 35,500 ha in the
2015-16 season. As a primarily irrigated crop, the area sown to cotton annually varies in
accordance with water allocations (Conaty et al., 2022). The USDA (2019) note that in the
drought affected 2018/19 season, southern growing regions accounted for 25% of Australia’s
total cotton crop with an area of 43,639 ha sown (ABS, 2020). In the recent 2023-24 season
approximately 60,000 ha of cotton was planted across the lower Murrumbidgee valley (S.

O’Rafferty, personal communication, June 28, 2024).

Along with being grown in the MIA and CIA, significant areas of land have been developed
for irrigated cotton production in the west of the region (Figure 1.1). In these reaches, much of
the prior soils research to have occurred in the east of the region is not applicable due to
differences in the soils present. A lack of effectively mapped soil, and the associated lack of
understanding of inherent properties, underpins knowledge gaps identified by Holland and
Eastwood (2014) in their soil scoping study for cotton in southern regions. Their study
evaluated the current understanding of cotton-growing soils and soil management, reaching
strong conclusions regarding the lack of presently available soil data and information for
stakeholders. As the cotton industry has evolved primarily in northern NSW, this is where much
of the soils-focused research has occurred (Cattle & Field, 2013). While there are opportunities
for this research to be translated to new areas, an understanding of the inherent condition and
capacity of the soil is first required. Holland and Eastwood (2014) noted that “cotton growers
need to know more about their soils so that they are able to refine soil-related management
practices”. The key takeaway from this report is a need for southern NSW best management
practices to be developed; however, before this can occur, the distribution of soils and potential
constraints such as sodicity and alkalinity need to be understood (Holland and Eastwood,
2014). The same issue has been investigated near the town of Hillston in the neighbouring
Lachlan valley, with several papers published on the topic providing an improved
understanding of how soils vary between growing regions and the impact of irrigation on

temporal change (Filippi, 2017; Filippi et al, 2018a, 2018b; Onus et al., 2003).
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This thesis has evolved from the findings of the scoping study undertaken by Holland and
Eastwood (2014), alongside discussions with cotton industry stakeholders within the lower
Murrumbidgee valley. The chapters therein explore the known variability of the region’s soils

while developing outputs to fill identified knowledge gaps.

The literature review of this thesis aims to provide context to the region, specifically focusing
on the sources of soil variability and patterns of soil distribution. A review of current knowledge
surrounding geology, geomorphology and soil is essential before considerations are made on
the future enhancement of the region’s soils knowledge. Due to the influence of ancient
geomorphic features on this landscape, what appears to be a flat plain is actually a complex
network of paleochannel sediments both at and below the surface. This thesis utilises a dataset
of 153 soil cores extracted to a depth of 1 m from across the lower Murrumbidgee valley. A
theme throughout is the application of proven scientific methods to understand the
characteristics of soils and how they are distributed, creating information that will be of benefit

to the end-user. Specifically, the aims of this thesis with their research questions are:

1. To morphologically classify lower Murrumbidgee valley soils and discuss their
occurrence in relation to palacochannel systems at the regional and within-field scale
a. What are the typical morphological characteristics of lower Murrumbidgee
valley soils?
b. Can soil cores extracted from across the entirety of the region be appropriately
classified using previously-developed soil groups?
c¢. How is the distribution of soils related to palacochannel systems?

d. What is the extent of soil morphological variability at the within-field scale?

2. To assess how variability of inherent soil properties at the within-field scale impacts
irrigated cotton production
a. What is the extent of soil variability between yield-derived production zones
within paddocks used to grow cotton?
b. How are inherent soil properties correlated to cotton lint yields?
c¢. Can paddock scale digital soil maps accurately represent soil variability

spatially?

3. To model and map multiple soil properties across the lower Murrumbidgee valley
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a. Can digital soil mapping be used as a tool to accurately model and then map
soils at multiple depths concurrently?

b. How do presently available digital soil mapping products perform when
validated against external datasets from the lower Murrumbidgee valley at the

point support?

4. To identify the most limiting factor to, and classify the overall suitability for, irrigated
cotton production in the lower Murrumbidgee valley
a. How does the depth to which soil chemical constraints are reached vary across
the region?
b. What are the soil-landscape factors most limiting to irrigated cotton production?
c. What proportion of the lower Murrumbidgee is considered well suited to

irrigated cotton production?

In addressing these aims and answering these research questions, this body of work does not
intend to create novel approaches to DSM. Instead, it seeks to use DSM as a tool to develop
information for stakeholders surrounding the distribution of fundamental soil properties and
how they relate to irrigated cotton production in the lower Murrumbidgee valley. The outcomes
of this thesis will improve our foundational understanding of soils and their spatial variability
within the lower Murrumbidgee valley. This information can then be used to make informed
decisions on where cotton should be grown within the region, guide management decisions and
provide a platform to explore more applied research questions investigating farming systems.
We cannot manage what we do not know, and this study seeks to provide the basis for the
informed management of soils in irrigated cotton systems within the lower Murrumbidgee

valley.
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Chapter 2

2. Understanding the development and distribution of
soils within the lower Murrumbidgee valley, NSW,

Australia.
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Abstract

To understand the soils of the lower Murrumbidgee valley in southern NSW, one must first
look backwards at their evolution before looking forwards at how they can be sustainably
managed. While the area consists almost entirely of fluviatile sediments, the central feature of
this region, the Murrumbidgee River, has had little influence on the landscape. Instead, the
river incises itself within sediments that were deposited by numerous, temporally distinct
palacochannel systems. Complicating this spaghetti like mosaic of sediments are the aeolian
elements of parna and remobilised sand dunes. Understanding the features of each geomorphic
process is essential in understanding soil distribution, characteristics and classifications. This
review identifies the breadth of studies, and differing hypotheses, within the field of
geomorphology as well as how they have informed understandings of soil distribution. Not
described in literature is how the geomorphic-soil relationship becomes more complex in the
west of the region, when numerous paleochannel anabranches result in fine scale variability. A
consequence of this is that sandy and clayey soils occur adjacent to each other with no
topographical change. An examination of literature from the past 70 years also highlights the
importance of appropriately cataloguing data and making resources available. While it is
acknowledged that the region has a rich history of landscape and soil studies, many of the latter
are presently redundant as they have either not been digitised or are not publicly available. This
has flow on effects, with a lack of data reducing the efficacy of new digital soil mapping (DSM)
methods, the limitations and opportunities of which are considered. The availability of this data
could also allow studies to be undertaken assessing temporal change as a result of management.
This narrative review seeks to journey from geology to technology, synthesising knowledge
from various disciplines to highlight how sequences of sediment deposition have resulted in
the surficial soils we study today. In doing this it will discuss what has been done and what is
known, identify limitations to previous studies and our current understanding of the soils more
broadly and briefly present opportunities to address these. Ultimately, it highlights how
synthesising legacy knowledge from various disciplines can help to understand and tell the

story of the soils we study today.
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2.1. Introduction

The lower Murrumbidgee valley of southern NSW falls centrally within the Murray Darling
Basin (MDB) of southeastern Australia. The MDB covers an area of 1,061,469 km? across New
South Wales, Victoria, the Australian Capital Territory, Queensland and South Australia. The
Basin is a major food bowl, contributing over AUD $30 billion to the economy annually with
the Murrumbidgee Irrigation Area (MIA), a 3789 km? subregion of the lower Murrumbidgee
valley, contributing AUD $5 billion (MI, 2010; MDBA, 2024). Recently, changing climatic
conditions have placed pressure on agricultural production systems with prolonged periods of
drought limiting water availability for irrigation (Wheeler et al., 2019). While favourable soils
in the region have contributed to strong agricultural productivity, a recent scoping study
identified significant soils-related knowledge gaps within the region (Holland and Eastwood,

2014).

While the MDB includes 77,000 km of river systems, these ‘current’ watercourses have not
significantly influenced the development of the landscape and its soils. One such major river
is the Murrumbidgee, which is presently the central feature of the lower Murrumbidgee valley.
While many may consider this subregion of the MDB as a relatively lifeless plain, it is rich in
soil diversity and has been described as containing some of the most characteristic landforms

in Australia (Bowler, 1978).

The lower Murrumbidgee is located centrally within the fluvio-lacustrine area of the Murray
Basin, the geology of which is described by Brown (1989). Three geologically distinct
sedimentary units; the Renmark Group, the Shepparton Formation and the Calivil Formation,
are presented by Brown and Stephenson (1991). The Shepparton Formation was further
differentiated into the “‘upper Shepparton’ and ‘lower Shepparton’ formations by Prathapar et
al. (1997) with a younger ‘Coonambidgal Formation’ incising itself within the former (Pucillo,

2005).

These youngest units, the upper Shepparton and Coonambidgal Formations, are complex and
the distribution of the soils therein is tied to geomorphology. Numerous studies, such as Butler
(1950;1958), Langford-Smith (1960), Butler et al. (1973), and Page and Nanson (1996) have
described the geomorphological features of the lower Murrumbidgee, including the dominant
fluviatile and subdominant aeolian elements. Given that patterns of sediment and soil
distribution result from these processes, there is value in reviewing this work. Further

complexity is added to understanding the landscape due to varying nomenclature, for example,
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the fluviatile systems were initially described as prior streams (Butler, 1950) but will be

referred to in this review as ‘palacochannels’ owing to more recent studies (Page et al., 1996).

Over the last 100,000 years fluctuating climatic conditions determined cycles between
sediment deposition and soil development, resulting in the intersection of alluvial fans, mixed
with layered aeolian deposits of varying depths. To understand these interactions, numerous
stratigraphic models have been developed to explain landscape degradation, sediment
aggradation and the resulting soil distribution at a conceptual level (Butler, 1958; Page &
Nanson, 1996; Pels, 1964, 1971; Pucillo, 2005; Schumm, 1968). In these too, however,
complexities arise with units in these models not centrally named, instead, given
geographically specific titles. Identifying trends in this work allows for a general understanding

of how sediment deposition varies perpendicular to paleochannel systems.

The success of the Murrumbidgee and Coleambally Irrigation Areas, within the regions east,
has been underpinned by soil surveys undertaken between the 1930s and 1970s (Butler, 1979;
Taylor & Hooper, 1938; Stannard, 1968, 1970; van Dijk, 1958, 1964; van Dijk & Talsma,
1964). These surveys, combined with geomorphological studies, allowed for soil features such
as subplasticity and waterlogging susceptibility to be understood. Over the last 80 years
extensive work has also examined the soil attributes with an agronomic focus (Lang and Hicks,
1975). Much of this work, however, has been confined to the bounds of the irrigation areas,
beyond which there is a lack of publicly available data. It is in these less understood areas that
interactions between the lower reaches of differently aged palacochannel systems become more

complex, resulting in ‘mosaic’ like variability (Murphy et al., 2000).

More recently, digital soil mapping (DSM) resources have become available, however, their
efficacy in translating information spatially is reduced due to low data quantity and quality.
Further, soils may have been anthropogenically altered since being initially examined. Despite
this, technological advancements provide opportunities to harness legacy maps (Malone et al.,

2017) and expert knowledge (Bui et al., 2020) in the development of digital products.

Previous reviews of the lower Murrumbidgee valley have examined geological and
geomorphological processes (Pucillo, 2005), collated historical soil data (Hornbuckle and
Christen, 1998; Hornbuckle et al., 2008a, 2008b; Thacker et al., 2008) and identified limitations

in understandings of soil as they relate to cotton production (Holland & Eastwood, 2014).

This narrative review seeks to synthesise these branches of study, from the geology to the

technology, through discussions on the ancient landscape processes and how these relate to past
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soil studies and patterns of soil distribution. Lastly, the review will discuss limitations with
presently available resources while also presenting opportunities to enhance our understanding

of the landscape.

2.2. Study area

The area examined in this review (Figure 2.1), termed the ‘lower Murrumbidgee valley’, is
akin to the classification of the Murrumbidgee subregion within the Riverina bioregion by
Morgan and Terrey (1992). As determined by the Interim Biogeographic Regionalisation for
Australia (IBRA7), the Riverina bioregion is one of 89 within Australia accounting for 8.9%
of New South Wales’s landmass covering approximately 9,580,000 ha. The Riverina has also
been described and termed the Riverine Plain by Pain at el. (2011) in their derivation of
Australia’s physiographic regions. The lower Murrumbidgee valley totals 2,577,100 ha (25,771
km?) encompassing towns including Griffith, Leeton, Hay, Balranald and Coleambally. The
region extends from 145.34°, -33.87° in the north to 145.21°, -35.18° in the south, and, 146.53°,
-34.73° in the east to 143.21°, -34.71° at the westmost point (Figure 2.1).

24



Chapter 2 — Review of literature

Ballranald'-

¥

_ Burrunjuck
MDam
i . Legend
‘ 6 3 Study area
; =] Coleambally Irrigation Area
Bloweringiiigis Murrumbidgee Irrigation Area

dam
B Blowering Dam

0 100 200 300 400 km
' [ Burrunjuck Dam

I 200 0O a0

Figure 2.1. A) The location of the lower Murrumbidgee valley within New South Wales. Shown also are the locations of Burrunjuck and Blowering Dams. B)

The study area in relation to the Murrumbidgee and Coleambally Irrigation areas.
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The Murrumbidgee River is the defining feature of the modern landscape and has been central
to the region’s economic development. Along the river, weirs are used to manage water flows
while allowing for diversions away from the river into irrigation supply channels. There are no
major tributaries, however, a distributary of the Murrumbidgee River is Yanco Creek which
diverts from the river south of Leeton in a south-westerly direction. The creek continues as the
Billabong and Colombo Creek before meeting the Edward River, itself an anabranch of the
Murray River. In the rest of the region there are numerous channels that flood seasonally, filling

lakes; including Yanga Lake, and swamps; such as Cumbung Swamp.

In contrast to the flat, alluvial plains of the lower Murrumbidgee, the broader catchment and
Murrumbidgee River rise in the Great Dividing Range at elevations of over 2000 m. It is in the
upper catchment where Burrunjuck (1,028,000 ML capacity) and Blowering (1,628,000 ML
capacity) Dams are located (Figure 2.1). The completion of Burrunjuck Dam (1912) allowed
for irrigation within the Murrumbidgee Irrigation Area (MIA). Similarly, the construction of
Blowering Dam (1968) provided the opportunity for development of the Coleambally
Irrigation Area (CIA) while storing water from the Hydro-Electric Scheme. As a source of
water and sediment on the alluvial lower Murrumbidgee, land management and mineral
weathering in the upper sub-catchments must be considered as a source of salinity which may
impact the condition of soil downstream (Conyers et al., 2008). Olley and Scott (2002) provide
a thorough report on the state of the river and its changes over the 180 years since European

settlement.

2.2.1. Climate

The current climate of the broader Riverina region is classified by Stern et al. (2000) as dry
and semi-arid with cool winters and hot summers. Rainfall decreases along an east-west
gradient from 432 mm (Leeton) to less than 350 mm (Balranald) (Bureau of Meteorology
[BOM], 2023). At a localised scale, Zhou et al. (2009) applied spatial analysis techniques
utilising 30 years’ climate data to produce two schemes of climatic zoning across the eastern
MIA. The impact of past climate conditions is discussed in relation to geomorphology and soil

development within this review.

The climatic conditions within the upper Murrumbidgee catchment are the dominant factor
affecting river flows and the availability of water for irrigated agricultural production. Green

et al. (2011) provided a report detailing the water resources and management of the broader
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catchment. In some areas above the primary water storages, average annual rainfall exceeds

1500 mm (BOM, 2023).

2.2.2. Agricultural production

Access to water for irrigation through either extraction from the Murrumbidgee River or ground
water aquifers allows for diverse agricultural production. Variability in productivity is driven
by seasonal water availability and variations in soil type. The development of irrigation
infrastructure in the MIA during the 1910s allowed for the establishment of highly successful
horticultural industries on the region’s lighter soils, with rice common on heavier soil types.
Similarly, the development of the CIA in the 1960s allowed for the expansion of irrigated
agriculture into areas with heavier soils more conducive to broadacre cropping. Substantial
changes have occurred to the dominant industries of the region over the last century with
notable expansions of cotton (annual) and tree nut (perennial) crops. Presently, broadacre
irrigated summer crops including rice, maize and cotton, in association with winter cereal
crops, are common on heavier soil types. Permanent plantings of citrus and vineyards are
common, along with tree nut crops on lighter soils. Areas not developed for irrigation,
particularly in western parts, are used for grazing. The increase in perennial plantations has the
potential to place pressure on water allocations. While essential in the economic development
of the region, the allocation of water for agriculture is a divisive issue in some communities.
Kandasamy et al. (2014) used the Murrumbidgee basin as an example to examine the changing
dynamics of communities in balancing environmental sustainability and agricultural

production.

2.3. Landscape characteristics, geology and geomorphology

2.3.1. Geological evolution

Excluding minor occurrences of bedrock outcrops in the far east, the study area is comprised
entirely of Cenozoic era fluvio-lacustrine sediments which fill the Murray Basin. Tectonic
activity in the early Cenozoic era (65 mya—present) resulted in the formation of the Murray
Basin, as described by Brown and Stephenson (1991), through the upwarping of Proterozoic
(2500-541 mya) and Palaeozoic (541-252 mya) rocks which are presently observed on the
eastern boundaries of the now fluviolacustrine basin (Page et al., 1996). The depth to bedrock

underlying these early Cenozoic sediments generally increases from east-to-west. Pucillo

27



Chapter 2 — Review of literature

(2005) stated a maximum depth of 600 m in the central west of the Plain, while Pels (1968)
noted depths to bedrock of 153 m near Coleambally, 465-156 m in the MIA and over 300 m
near Hay. Brown (1989) presented a schematic cross section categorizing the sediments into
three geologically distinct units; the Renmark Group and the Shepparton and Calivil
Formations of the Wynghu Group (Figure 2.2). Detailed discussions on these geological units

are provided by Brown (1989) and Brown and Stephenson (1991).
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Figure 2.2. A cross sectional diagram of the Murray basin by Brown (1989, Figure 5) illustrating the
presence of fluvio-lacustrine material in the central Plain with the three major stratigraphic units to a
depth of approximately 600 m.

A brief description on various phases of geological evolution is provided by Page et al. (1996).
Of relevance to this study is the onset of semi-arid conditions from 0.5-0.4 mya when,
alongside the formation of aeolian landscapes in the neighbouring Mallee region (Wasson,
1989), fluvial deposits of the Shepparton Formation were laid down, forming the modern
Riverine Plain (Page et al., 1996). Prathapar et al. (1997) observed significant differences in
hydrological properties at increasing depth at sites surrounding Coleambally leading to the
splitting of the Shepparton Formation into two; an upper and lower formation. Within the CIA,
Pels (1968) discussed the general geology of unconsolidated sediments and outcrops of
consolidated sediments through the examination of 750 boreholes, providing data to understand

groundwater movement and salinity (Pels, 1968).

A new, younger sedimentary unit associated with the active river and recently active
palaeochannel systems, the Coonambidgal Formation, is also present, incising itself within the

upper Shepparton Formation sediments. It is these upper Shepparton and Coonambidgal
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sediments that have been the focus of geomorphic studies and are most relevant to the ‘modern’

agricultural soils of the plain.

2.3.2. Geomorphology

The lower Murrumbidgee valley, and broader Riverine Plain, which may appear monotonous
and bland, is in fact rich in geomorphic complexity even within geological units. Studies of
these geomorphological characteristics have been essential in the stratigraphic categorizing of
sediments and understanding soil distribution. Since the pioneering work of Butler (1950),
several studies have focused on understanding relationships between the dominant fluviatile
and secondary aeolian elements. Despite conjecture regarding the correct nomenclature in early
work, the relic fluviatile elements will be termed ‘palacochannels’ in this review. The
relationship between these two geomorphic features is important. Bullard and McTainsh (2003)
reviewed interactions between aeolian and fluvial elements within landscapes to highlight the
importance of examining interactions concurrently as opposed to the traditional approach of
examining each domain exclusively. For example, the activity of source bordering dunes is
directly influenced by the movement of fluviatile sediments which, in turn, are a product of the
climate. Locally, Fried (1993) postulated that increased sinuosity in younger palacochannels
was a result of increased sediment loads caused by increased parna deposition which was then
remobilisation in the upper catchment. Butler et al. (1973) synthesised prior geomorphological
research to produce a map of the distribution of geomorphic features across the entire Riverine

Plain.

2.3.2.1. Palaeochannels
Palacochannels refer to previous river systems which crossed landscapes, in this instance the
lower Murrumbidgee valley, depositing vast amounts of sediment across the plain. This section
of the review draws heavily on the work of Pucillo (2005) who provided a detailed review on
the development of theories relating to palacochannels in the Coleambally region. The present
Murrumbidgee River system contains a small sedimentary load compared to the palacochannel
systems which previously crossed the landscape (Schumm, 1968). Estimates of the streamload
characteristics of palacochannels is vital in understanding sediment distribution which impacts
soil characteristics across the landscape. Discussion on these influences focuses on two phases
of palaecochannel activity: ‘aggradation’, where sediments are deposited resulting in the
infilling of channel beds, and, ‘degradation’, where sediments from the streambed are eroded,

carving out new or deeper palacochannel pathways.
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Discussions of palaeochannels within the region have evolved since the theory of ‘prior
streams’ as a basis of soil formation across the Riverine Plain was first proposed by Butler
(1950). It was postulated that the region’s soils are reflections of the patterns of low sinuosity
streams extending westward across the area consisting of aggraded bed-load channels with
levees (Butler, 1950; Pucillo, 2005). In developing a model for stratigraphy, Butler (1958)
proposed separate phases of prior stream activity, where deposition occurred during arid

phases.

Langford-Smith (1960) questioned the periodicity and climatic assumptions of Butler’s theory,
instead suggesting a system of a single riverine phase, akin to modern deltaic river systems
with deposition occurring under more humid conditions (Figure 2.3). This theory was later
modified to be more similar to those of Butler (1950, 1958), whereby channel incision occurs

under established pluvial periods while deposition occurs as these phases wane (Pucillo, 2005).
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Figure 2.3. A map produced by Langford-Smith (1960, Figure 4) showing deltaic like pathways of prior
streams across the lower Murrumbidgee valley (bottom). The western region surrounding Balranald
provides a nexus of lower floodplain systems alongside the eastern Mallee landforms. The pathways of
present streams are also shown (top).
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In undertaking work around the Cadell fault in the neighbouring Murray valley, Pels (1966)
identified that the youngest prior stream systems defined by Butler (1958) were more complex
than had been previously considered. Pels (1966) instead presented a new categorisation of
‘ancestral rivers’ which post-dated the prior stream systems but pre-dated water courses of the
present-day. He theorised that these ancestral rivers incised themselves within the sediments of
prior stream systems and while prior streams dissipated on the plain, the ancestral rivers

continued beyond, exhibiting a higher suspended streamload and greater sinuosity (Pels, 1966).

Schumm (1968) discusses the importance of climate, and impacts of its changes, to streamloads
of palaeochannel systems, suggesting that the ancestral rivers developed during a humid phase
with higher runoff and peak-discharges than both the modern river systems and prior streams.
Findings are presented on how different alterations to the hydrological properties of the systems
impact their form. For example, a decrease in sand load and increase in discharge between prior
streams and ancestral rivers resulted in substantial morphological changes, with channel depth
and sinuosity increasing but gradient, meander wavelength and width decreasing (Schumm,
1968). These, and other changes, have significant impacts on presently observed landscape
characteristics. Fried (1993) questioned that changes to channel morphology could not be a
result of catchment changes alone (Bullard & McTainsh, 2003). It was instead proposed that
increased upland aeolian deposition during the Last Glacial Maximum resulted in increased
sinuosity as a result of higher streamloads when these sediments were remobilised as conditions
changed (Fried, 1993). Consequently, the deposition of these materials on banks in low-flow
periods may have stabilised the river system resulting in the observed development of the more

sinuous, younger, ancestral rivers (Fried, 1993).

Bowler (1978) identified limitations to the terminology representing the previous ancestral
rivers and prior streams. The difficulty in classifying systems into these two types is shown
where attributes relating to both ancestral rivers and prior streams are observed within the same
channel system (Bowler, 1978). To overcome this Bowler (1978), in the neighbouring Murray
valley, utilised the term “complexes” and the application of geographic names to identified

channel units.

Prior to the advent of thermoluminescence (TL) dating techniques researchers were limited by
the capacity of radiocarbon dating methods to identify sediment ages. In undertaking TL dating
on sediments from the extensive borehole network within the Murrumbidgee, Page and Nanson
(1996) and Page et al. (1996) showed the terminology of prior streams (Butler, 1950) and

ancestral rivers (Pels, 1971) to have been incorrectly applied due to false assumptions on their
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chronology and mode of formation. Instead, they adopted the term palaeochannels, identifying
four periods of activity, terming them, the Coleambally phase (occurring from 105-80 ka), the
Kerarbury phase (occurring from 55-35 ka), the Gum Creek phase (occurring from 35-25 ka),
and the Yanco phase (occurring from 20-13 ka). The modern flow regime began to be
established approximately 12 ka. More recently there has been conjecture surrounding these
sediment ages. Mueller et al. (2018) employed optically stimulated luminescence (OSL)
alongside TL dating methods to revisit sediment chronology of the Gum Creek and Yanco
palaeochannel systems. For samples examined using both methods it was shown that TL ages
are between 54 and 73% older than the corresponding OSL ages (Mueller et al., 2018).
Consequently, it was proposed that the periods of enhanced palacochannel activity for the Gum

Creek and Yanco systems are revised to 41-29 and 29-18 ka, respectively (Mueller et al., 2018).

Differences in characteristics have been observed between the four palacochannel phases.
Channels of the older, Coleambally phase, are described as being “mixed-load, laterally
migrating sinuous palaeochannels with occasional transitions to a straighter bedload-
dominated mode” concluding with a “bedload dominated episode resulting in aggradational
palaeochannels on the surface of the Plain” (Page & Nanson, 1996). The Gum Creek phase
exhibited the same characteristics, however, vertically aggrading bedloads are only observed
on the downstream reaches (Page & Nanson, 1996). The younger Yanco system exhibits no
terminating aggradational episode, being “characterised entirely by large mixed-load sinuous
migrational palaecochannels” (Page & Nanson, 1996). The Manning equation was used on
reconstructed cross sections at different locations for each palaecochannel phase to estimate the
bankfull discharge and width of the systems, showing each to be significantly greater than the

modern Murrumbidgee River, concurring with prior hypotheses (Table 2.1).
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Table 2.1. Estimated bankfull discharges based on reconstructed cross-sections of palaeochannel
systems at locations within the lower-Murrumbidgee, adapted from Page and Nanson (1996, Table 2).
Palaeodischarge ratio was determined by dividing the estimated palacochannel bankfull discharge by
measured present bankfull discharges at Darlington Point (313 m3 s-1) for the Coleambally, Kerarbury
and Gum Creek systems and at Hay (278 m3 s-1) for the Yanco system (from Page and Nanson, 1996).
Also shown are statistics for the modern Murrumbidgee river at Hay, combining data from Page and
Nanson (1996) and Speer (2018)* who averaged data from 1873-1983 from the town gauge.

System Reach Slope Mean Width  Mean Bankfull  Palaeodischarge
Depth (m) velocity  discharge Ratio
(m) (ms™) (m*s™)
Coleambally Bundure  0.00025 6.5 165 1.59 1740 5.6
Coleambally Yamma 0.00027 55 185 1.47 1500 4.8
Kerarbury Waddi 0.00026 7.0 220 1.7 2160 8.3
Gum Creek Tombullen 0.00018 5.0 215 1.13 1220 3.9
Yanco Rhyola 0.00010 5.5 250 0.90 1240 4.5
Murrumbidgee Hay <0.0002  2.6* 115%* - 278 N/A
River

A map of the palacochannel systems was produced, with accompanying descriptions of their
characteristics (Figure 2.4). While similar to earlier maps, including the geomorphic map of
Butler et al. (1973), accurate sediment ages and improved insights into streamload and channel

morphology add significant value in understanding the landscape influences of each system.
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Figure 2.4. A map of the Late Quaternary palacochannel systems of the lower Murrumbidgee valley
presented by Page et al. (2009, Figure 2).

Technological advancements and the utilisation of remote and proximally sensed data have

allowed palaeochannels to be studied in greater detail. Alongside discussing the development
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of theories relating to the region’s palacochannels, Pucillo (2005) examined four periods of
palaeochannel activity within the Coleambally area, referring to distinct systems as ‘Types’.
Type 1 units consist of already identified palacochannel sediments within the Upper
Shepparton and Coonambidgal geological units, however, the older Type 2, 3 and 4 facies were
previously undifferentiated (Pucillo, 2005). These channels occurred at depths of 12-25 m and
>25 m, described as being laterally extensive and belonging to the “coarse channel fluvial

group” (Pucillo, 2005).

Fuentes et al. (2020) identified the potential of Natural Language Processing (NLP) modelling,
machine learning and spatial interpolation techniques to produce 3D lithological maps of the
Coleambally region. This approach has the potential to automate 3D lithological mapping from
text inputs allowing for the qualitative, interpreted data to be utilised quantitatively (Fuentes et
al., 2020). The importance of accurately mapping and characterising palacochannel systems
extends beyond accounting for patterns of soil distribution. Buried palacochannel systems
strongly influence groundwater hydrology, impacting the suitability for, and efficiency of,
irrigated agricultural systems. Similarly, appropriate identification can present the opportunity

for managed aquifer recharge processes to occur (Harvey et al., 2024; Page et al., 2023).

2.3.2.2.  Aeolian elements
Sediments of aeolian origin are a widespread component of the Murrumbidgee landscape and
include sand dunes and more clayey deposits. Evidence of aeolian deposition in the Riverina
was noted by Butler (1950) through the observation of a uniform sheet covering the region with
little variation in character across different conditions, naming it ‘parna’ (Butler, 1956). Butler
(1956) and van Dijk (1958) identified the observed surface sheet to be the most recent parna
deposit with more ‘parna sheets’ resulting from different phases of aeolian deposition buried
below the surface. Previously, parna had been discussed as ‘loess’, an aeolian sediment
reported around the world, as an influence on southeastern Australia (Crocker, 1946; Hills,
1939). Butler (1956) noted, however, the characteristics of this material to be different from
loess with respect to its particle size grading and being more clayey, occurring as earthy,
homogenous, calcareous, uniform sheets (Butler, 1956). The material is accepted to have been
transported as silt and fine sand-sized pellets of calcareous clay (Cattle & Smith, 2018). As
parna occurs through the deposition of clay aggregates eroded from previously weathered

materials and developed soil, Butler (1956) termed these as ‘old’ soils.

The key property of soils derived from parna is subplasticity, whereby the texture grade
becomes more clayey following the mechanical working of soil (Cattle & Smith, 2018). After
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first being termed by Butler (1956), there was a focus on researching subplasticity, with a
special edition of the Australian Journal of Soil Research published specifically examining the
soil property (Blackmore, 1976; Brewer & Blackmore, 1976; Butler, 1976; MclIntyre, 1976;
Norrish & Tiller, 1976; Walker & Hutka, 1976). Van Dijk (1958) presented three degrees of
subplasticity determined by the change in texture following a period of working. These degrees
of subplasticity underpin subgroupings of soil types within the ‘hillslope’ class discussed later

in this review.

In creating their geomorphic map, Butler et al. (1973) noted difficulties in mapping the
distribution of parna due to its lack of independent geomorphic form. When parna is deposited,
the reworking of materials and different weathering regimes resulting from landscape position
mean that not all parna derived soils exhibit the same characteristics (Greene et al., 2009).
Despite this, there is a developed understanding of the distribution of various parna phases at
a regional (Figure 2.5) and more local (van Dijk, 1958) level. The pioneering work of Butler
(1956) and Butler and Hutton (1956) described a ‘parnaless zone’ approximately 120 km in
width surrounding Hay in the west of the study area (Figure 2.5).
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Figure 2.5. The theorised distribution of parna, including the parneless zone, across the lower Riverine
Plain including the lower Murrumbidgee valley as developed by Butler (1956, Figure 1).

This zone occurs in an area less researched than those in the east of the region. Based on the
conceptual model for the pathways of aeolian dust presented by Cattle et al. (2009) (Figure 2.6)
it is likely that even within the parnaless zone, localised aeolian deposition has occurred
although is not clearly discernible as a ‘sheet’ as is the case in the east. The sediments of this
zone will therefore contain parna as a secondary material associated with the deposits from
palaeochannels rather than as a distinguished stratigraphic unit. As a result, over the plain more
broadly it is likely that there is parna mixed with alluvial sediments (Greene et al., 2009). It is
also likely that parna deposits in the upper catchment were eroded and redeposited across the
plain during periods of palacochannel activity (Greene et al., 2009) (Figure 2.6). This has
already been discussed as a reason for changes in palaeochannel morphology, as postulated by

Fried (1993).
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Figure 2.6. A conceptual diagram developed by Cattle et al. (2009, Figure 1) highlighting the
pathways of aeolian dust within south-eastern Australia. Within this schematic, it is possible for the
lower Murrumbidgee to act as both a source and sink for aeolian dust.

The first parna sheet to be characterised was Widgelli parna, the upper and most extensive sheet
across the region (Butler, 1956; Butler & Hutton, 1956; Butler, 1958). This sheet varies in
thickness; Butler and Hutton (1956) estimate a thickness of 3-5 ft (0.9-1.5 m) east of the
parnaless zone, while in the Griffith-Yenda region van Dijk (1958) estimates a thickness of 1—-
4 ft (0.3-1.2 m).

Butler and Hutton (1956) and Butler (1958) emphasised the significant variability observed
within Widgelli parna soils. This is a result of varying drainage conditions, emphasising the
importance of understanding the relationship between the surface and older, buried materials.
Observed parna sheets are also better preserved on slopes than on the lower floodplain. Van
Dijk (1958) difterentiates the Widgelli parna into two sheets, the most recent Tabbita parna
which covers the entire area to a depth of 1- 4 ft (0.3—1.2 m) and the largely buried Bingar
parna. Buried at depths often over 4.5 metres is the Cocoparra parna layer. The development
of soil profiles within buried layers suggests periods of high humidity following parna

deposition, in contrast to the aridity occurring prior (van Dijk, 1958).

Alongside the deposition of parna, secondary aeolian actions have occurred across the area.
Van Dijk and Talsma (1964) noted this through the observed modification of dunes bordering
palacochannel stream beds through blown-out depressions, lunettes and, on occasion, sand
sheets extending across the landscape within the Coleambally region. Pucillo (2005) identified
and described the activity of source-bordering dunes at three sites on different palacochannel

belt sequences within the Coleambally area. As well as associating sediment ages with periods
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of palacochannel activity, a model for dune development is presented (Figure 2.7). This
theorises that sediments are replenished in channels during fluvial periods and are windswept
across banks as water subsides (Pucillo, 2005). The presence of vegetation stabilised these
sediments, allowing dunes to develop, before they become remobilised as vegetation decreased

during periods of aridity, such as the Last Glacial Maximum (Pucillo, 2005).

Page et al. (2001) also examined source bordering dunes near Wagga Wagga, approximately
100 km east of the study area, denoting three distinct stratigraphic units. Thermoluminescence
dating of these sediments correlates well to periods of palaeochannel activity identified by Page
et al. (1996) on the lower floodplain. The identified Clarendon Unit (15-25 ka) aligns with
activity of the Yanco system, the Glenfield Unit (35-60 ka) aligns with the Kerarbury system
and the Yarrangundry Unit (80-120 ka) with the Coleambally system. While consisting
primarily of locally derived sands, calcareous clay fractions emanating from western areas were

also observed (Page et al., 2001).

Prevailling Winds

Seasonally replenished sand
source exposed dunng low Howar

[MUNE BUILDIMG
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Seasonally replenizhed sand Floodplain sccreted as dune developed
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Prevailing Winds

e Disturbance of primary dune Type 1 Palzeochannel Mobila cands Clays and silts

Figure 2.7. A diagram series from Pucillo (2005, figure 7.15) illustrating the evolution of source-
bordering dunes on the Coleambally and Kerarbury Palacochannel systems. Seasonal replenishment
of the source sands occurred during flood discharges and dune remobilisation resulted from a
reduction in stabilising vegetation throughout the Last Glacial Maximum.
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2.3.3. Sediment stratigraphy

Following the theorising of prior streams (Butler, 1950) and parna deposition (Butler, 1956)
new models of sedimentary deposition were required to explain observed soil patterns. These
landscape representations differentiated sedimentary units within what would later be termed
the broader ‘Coonambidgal’ and ‘Shepparton’ geological units by Brown and Stephenson
(1991). Butler (1958) presented the first stratigraphic model for the region consisting of five
depositional units to have influenced the upper Riverine Plain through fluvial and aeolian
action (Figure 2.8). Of the five depositional units, determined from soil associations, there are
three fluvial units; Coonambidgal, Mayrung and Quiamong; two aeolian units, Colongulac and
Widgelli; and a mixed fluvial-aeolian unit, Katandra (Butler, 1958). The Widgelli parna unit, a
layer of which mantles the plain, was proposed by Butler (1950; 1958) to indicate periods of
aridity, acting as a stratigraphic marker. This schematic highlights the complex interactions of
differently aged sediments (Figure 2.8). A layer of Widgelli Parna initially mantled previous
Katandra and Quiamong units, however, at points it has been degraded by a Mayrung ‘prior
stream’ (Figure 2.8). This stream has then aggraded, with a soils resulting from the two
depositional processes meeting when the outer bounds of this stream’s sediments meet the

uneroded Widgelli Parna (Figure 2.8).

Accompanying the stratigraphic model (Figure 2.8) is a representation of sediment ages over
time with respect to changes in the climate (Figure 2.9). Using Figure 2.8 as a companion to
Figure 2.9 allows the visualisation of the complex layering of differently aged sediments where
oscillating climatic conditions were a driver of changes between soil development and
sediment deposition. The model (Figure 2.9) was developed following pedological
examinations of sediments from each stratigraphic unit (Figure 2.8). Where little or no soil
development was observed there was believed to be little time between depositional phases
(Butler, 1958). For example, minimal soil development was observed in the Quiamong phase,
suggesting it was followed by an arid climate and covered by deposits of the Widgelli parna
unit (Butler, 1958). Conversely, substantial soil development within the Mayrung unit is
considered to result from longer periods of more humid conditions before this was mantled by

the Coonambidgal unit (Butler, 1958).
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Figure 2.8. The stratigraphic model of Butler (1958, Figure 2) representing the interactions of
different sediment groups across the landscape.

More More
Arid Present - Humid
Climate Climate “ Climate
Present Period of soil formation Post Coonambidgal
Time . J
Coonambidgal and Colongulac
depositions
Period of soil formation Mayrung stable
= period
@
8
o
o i
-g Mayrung
ui]
g Depositional Wldgelll
= phases
g
lﬁ \ N\ Quiamong
e
Q
£

Katandra stable

Period of soil formation period

Katandra deposition phases both
parna and riverine

Figure 2.9. A diagrammatic representation of the depositional systems of Butler (1958) in association
with climatic conditions and soil forming intervals made to accompany the stratigraphic model
(Figure 2.8) (from Pucillo, 2005, Figure 3.8).
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In applying the work of Butler to the neighbouring Murray Valley, Pels (1966, 1971) developed
a chronological model for three distinct periods of river activity, each comprising of
aggradation and degradation (Figure 2.10). All periods of ancestral river activity began with
the degradation of the landscape through river incision while a climatic shift to aridity resulted
in sediment aggradation. Radiocarbon dating estimates were used to determine sediment ages.
Pels (1971) estimated that the older Coonambidgal I channels incised themselves within the
landscape prior to the deposition of sediments between 40,000 and 30,000 years ago. The
Coonambidgal II channels incised between 30,000 and 26,000 years ago before sediments
aggraded between 26,000 and 13,400 years ago, while the most recent ancestral river developed
between 13,400 and 10,000 years ago, with sediments aggrading from 10,000 to 4,200 years
ago (Figure 2.10).
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Figure 2.10. The chronological model of Pels (1971, Figure 4.4) showing the aggradation (deposition
of sediments within streambeds) and degradation (incision of watercourses within the landscape) of
Coonambidgal channels in association with climatic conditions dated based on radiocarbon estimates.
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Schumm (1968) presented a new ‘hybrid’ stratigraphic model by synthesising previously used

terminology and adapting the stratigraphic model developed by Butler (1958) (Figure 2.11).

Schumm (1968) suggested that under humid conditions channels exhibited higher discharge

rates and sinuosity, more like the current Murrumbidgee River, compared to arid climates

where channels were wider, depositing sediments within riverbeds.
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Figure 2.11. Surficial stratigraphic model of Schumm (1968, Figure 2) incorporating previous work of

Butler (1958) and Pels (1964).

The thermoluminescence techniques employed by Page et al. (1996) and Page and Nanson

(1996) allowed the development of a new, conceptual, model estimating the chronological

development of morphologically different palacochannel systems alongside aeolian features

with typical sediment textures shown (Figure 2.12).
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Figure 2.12. A revised stratigraphic model for palacochannels within the lower Murrumbidgee by Page
and Nanson (1996, Figure 9) showing the development of migrational and aggradational palacochannel

alongside surface features.
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Analysis of extensive borehole datasets allowed Pucillo (2005) to provide estimates of
sediment texture to a depth of 180 m (Figure 2.13). This encompassed the geologically distinct
Calivil Formation and Renmark Group. Further, Pucillo (2005) presented a stratigraphic model
to a depth of 35 meters, with four distinct palacochannel sequences identified. The Type 1 unit
incorporates palaecochannel sequences encompassed within already discussed stratigraphic
models. The Type 2, 3 and 4 units, however, had not previously been differentiated from the
broader Shepparton Formation. Previously, stratigraphic models were limited to the
Coonambidgal and Upper Shepparton Formations as defined by Brown and Stephenson (1991)
and Prathapar et al. (1997).
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Figure 2.13. Sediment depth fractions from analysis of the entire borehole dataset within the
Coleambally region for texture class and fluvial group classification (Pucillo, 2005, Figure 5.4). Also
included is the geological group at each depth.
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Many of the sedimentary or stratigraphic units are given localised geographic names relating
to where the specific studies occurred. Consequently, a comparison of these units reveals
conjecture between nomenclature while also identifying similarities in the ages of separately
identified geological or stratigraphic units. (Table 2.2). For example, Brown and Stephenson
(1991), in their geological study of the landscape, categorise Coonambidgal I sediments (Pels,
1971) within the Shepparton (geological) formation while the Coonambidgal II and III (Pels,
1971) are akin to the Coonambidgal of Butler (1958) (Pucillo, 2005).
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Table 2.2. A synthesis of geological and stratigraphic units, listed under the identifying author,
estimating the age of when different systems were active in depositing sediments over the last 135 ka
years. This highlights that despite differing nomenclature between units identified in different sub-
regions there are strong similarities in the ages that each system was active.

Geological unit Stratigraphic unit

Age Brown & Stephenson Page et al. , Pels Butler
(ka) (1991) (1996) Pucillo (2005) (1971) (1958)

0 Modern (Holocene) River systems

| Coonambidgal I ‘Coonambidgal

Coonambidgal
10

iz Coonambidgal Il Mayrung
Debated
25 Gum creek Widgelli
30 Quiamong
35
40 Coonambidgal |
45
50 Kerarbury
55
60
65
70 Type 1
75
80
85
90

95
100 Shepparton

Yanco

Coleambally
Unspecified
Katandra
105 sediments

110
115
120
125
130
135

Type 2*

Type 3*

Type 4*
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2.4. Soil distribution in the lower Murrumbidgee valley:

The development of sustainable agricultural industries relies upon accurate understandings of
soil condition and variability. Historical, targeted, institutional soil surveys were essential in
the development of the MIA and CIA between the 1930s and 1970s. Considering these survey
outputs alongside geomorphological studies allows for features such as sub-plasticity as well
as patterns of salinity and waterlogging susceptibility to be understood. Across the last century,
significant secondary research examining soil in relation to agronomic practices has also
occurred. More recently there has been an increase in ‘grey’ data resulting from privately
undertaken soils research. This has enhanced stakeholders’ anecdotal understanding of soil
variability at the farm scale. Despite the extent of this work over an extended period of time

there are significant issues with data availability and temporal changes to the soil.

2.4.1. Soil surveys

The establishment of the MIA and CIA in the 1910s and 1960s, respectively, necessitated the
need for accurate soil data. Within these subregions, maps resulting from soil surveys dictated
the establishment of specific production systems in accordance with the identified soil type.
Presently across the lower Murrumbidgee valley, only these two irrigation areas have been
publicly surveyed since the expansion of agriculture in the region over a century ago, with 94
soil types identified, described, and mapped across multiple surveys and reclassifications.
These surveyed areas, however, equate to only approximately 5.6%, or, 1450 km? of the

25,771km? area described in this review.

2.4.1.1.  Murrumbidgee Irrigation Area (MIA)
Taylor and Hooper (1938) published the first soil survey within the region, comprising 13,439
ha of land focused on horticultural soils in the areas surrounding Leeton and Griffith. Fifty-five
identified and described soil types were mapped, with observations provided on soil conditions
and the likely success of horticultural production on different soil types. At this time, alluvial
plains were considered a result of modern river systems, resulting in difficulties accurately
describing soil property distributions and patterns of salinity. Taylor and Hooper (1938) also
noted that some soils exhibited a uniqueness in behaviour, terming ‘light and heavy’ clays soils

which would later be redefined as subplastic.

Advancements in understandings of the region’s geomorphology, coupled with demand for

soils knowledge, necessitated that Butler (1979) release a revised edition of the survey. Soil
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type descriptions were reframed within the context of prior streams (referred to as
palacochannels in this review) and parna. By considering the many soil types as soil sequences
resulting from now understood geomorphic features, the complexity arising from the large
number of soil units was reduced (Butler, 1979). The distribution of soil properties, such as
salinity, was also explained. Following the updating or removal of outdated sections, soil type
descriptions and maps were presented largely unchanged, with slight adjustments to the
composition of soil groups (Table 2.3). The report also included soil series across the landscape
and a key to named soil types with particular characteristics.

Table 2.3. Soil type groupings from the revised survey edition of Butler (1979, Table 4) where

superscripts; * denotes a deep subsoil going heavy and grey and B denotes a deep subsoil becoming
sandy.

Group Soil types

Subplastic soils Ballingall loam, Lakeview loam, Merungle loam, Tharbogang loam,

of the hillslopes Wyangan loam, Types 1, 2, 3,4, 5,6, 7, 10, 11, 15, 16 and 17.

Subplastic soils  Bilbul® loam and clay loam, Griffith® loam and clay loam, Hanwood®

of the lower sandy loam and loam, Jondaryan® loam and clay loam, Stanbridge®

slopes and sandy loam and loam, Yenda® sandy loam and loam and Type 9.
plains
Plastic soils of (a) Lighter subsoil sub-group

. B . . . .
the plains Fivebough® sandy loam, Mirrool loam, Willimbong loam, Yoogali

loam.

(b) Normal sub-group
Beelangera clay loam, Camarooka sandy loam, Leeton clay loam, Types

8,12 and 13.

Sandy soils Banna sand, Hyandra sandy loam, Tenningerie sand and sandy loam,
Wamoon sand and sandy loam, Yambil sandy loam, Yandera sandy loam

and loam, Types 7, 10 and 14

Mallee soils A, B, C

Targeted surveying work was also undertaken by van Dijk (1958;1961) in the Griffith — Yenda
region focusing on parna (1958) and the southern portion of the MIA (1961). In the latter work,
van Dijk (1961) identified 21 soil types which were categorised within 14 soil associations,

where each association has one or two dominant soil types as well as subdominant and minor
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soil types, where relevant (Table 2.4). The categorisation of each association was informed by
topography and linked to one of six soil landscape units. These units were mapped over an area
of approximately 100,000 acres (40,500 ha). Comments on soil properties and suitability for

agricultural systems were also made.

As an example, the Thulabin soil association, one of six associations within the Whitton clay

plain landscape unit, is included below (Table 2.4).
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Table 2.4. The Thulabin soil association, tabulated, adapted from van Dijk (1961, Table 4). This is an example of one of the 14 identified soil associations.

Soil Type Dominant soil types Subdominant soil types and their Minor soil types and their topography
association location and their topography topography
Thulabin  On all Thulabin  Well- Thulabin Slight rises and domed Tenningerie sand Small low dunes
plains clay loam drained, sand plains

Sandmount sand
Thulabin ~ [requently

loam slightly
domed Tuppal clay loam and Swamp depression
Thulabin plains Wunnamura Clay
sandy
loam

Birganbigal clay loam Level, well-drained plain

section
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2.4.1.2.  Coleambally Irrigation Area (CIA)
Soils within the CIA were first examined by van Dijk and Talsma (1964) prior to the
development of the irrigation scheme. Their work resulted in two maps being produced; a
detailed reconnaissance map of part of the Coleambally area and a soil landscape map of the
Coleambally area (Figure 2.14). In the former, more detailed study, auger holes were examined
every 400-800 m along traverses spread between 1.2-1.6 km apart. Surface inspections and
examinations of aerial photographs were used to validate areas between traverses and assisted
in developing conclusive boundaries between soil units. The second, broader study utilised the
same methodologies with traverses at 8 km intervals. The methods of categorisation into soil
landscape and association units are akin to those of van Dijk (1961). All soil types identified
had already been published and were categorised within greater soil groups, with basic

descriptions of the surface, subsoil and topography provided.

Darl|r_1gt0n Leatett
Point )
\ X Legend
\\\\ . { I Coleambally detailed
‘ . reconnaissance map extent
[ Coleambally soil landscape
0 10 20 30 40 50 km map extent

Figure 2.14. The approximate bounds of the detailed reconnaissance and soil landscape surveys of the
Coleambally area undertaken by van Dijk and Talsma (1964)

Utilising landscape characteristics, recurring sequences of soil patterns were used to develop
ten soil associations (Table 2.5), where each association is defined by one or two dominant soil

types alongside subdominant and minor types. For example, the Biranbigil association is
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located on flat, well drained plains with dominant and subdominant soil types of the
Birganbigal clay loam and Wilbriggie clay loam, respectively (Table 2.5). These associations,
which are generalisations of the detailed study of soil type distribution, were mapped over

150,000 acres (61,000 ha) to produce the detailed reconnaissance map.

The broader soil landscape map utilised the ten soil associations as well as geomorphic and
drainage conditions, factors significant in soil development, to identify 16 soil landscapes (van
Dijk & Talsma, 1964). Each landscape contains a dominant soil association with potentially
multiple subdominant associations (Table 2.6). The Carabury plain, for example, is one of four
landscapes associated with the gilgaied clay plains of the region. The dominant and
subdominant soil associations for this landscape unit are the Yooroobla and Wilbriggie soil
associations, respectively, and the Great Soil Group (Stephens, 1953) is ‘Grey and brown soils
of heavy texture’, equating to Vertosols in the Australian Soil Classification (ASC). This map
covers an additional 250,000 acres (101,000 ha) with the distribution of each association

closely tied to geomorphological features.
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Table 2.5. The 10 soil associations identified in the Coleambally detailed reconnaissance survey adapted from van Dijk and Talsma (1964, Table 4). In some
instances, associations contained up to six subdominant or minor soil types. To simplify, only the first two listed subdominant or minor types are shown.

Soil Physiography Soil types
association Dominant Subdominant Minor
Birganbigal Flat, well drained plains Birganbigil clay loam Willbriggie clay loam  Thulabin loam and clay loam
Mundiwa clay loam
Cobram Narrow belts with curves and slightly winding elongated Cobram sandy loam Finley loam Tenningerie sand
sandy rises on river ridge tracts Moira loam Sandmount sand
Danberry Low, flat sections and low slopes on the flanks of the river Danberry loamy sand Danberry sand Sandmount sand
ridge tracts Danberry sandy loam  Tenningerie sand
Sandmount High broken relief on river ridge tracts Sandmount sand Wamoon sand Thulabin sandy loam
Thulabin sand Danberry sand
Tenningerie Low broken relief on river ridge tracts Tenningerie sand Sandmount sand Danberry clay loam
Wammon sand Tuppal clay loam
Thulabin Well-drained slightly undulating sections and flanks of river ~Thulabin loam Thulabin sandy loam  Tenningerie sand
ridge tracts; occasional domes and lunettes on the plains Thulabin clay loam Tuppal clay loam
Tuppal Swampy depressions Tuppal clay loam Wandook clay Gogeldrie clay
Wunnamurra clay
Willbriggie Moderately well-drained plains with slightly lobate surface Willbriggie clay loam Yooroobla clay Morago clay loam
relief, swampy depressions and occasional domes Coree clay loam Wunnamurra clay
Wunnamurra Poorly drained plains subject to frequent flooding Wunnamurra clay Yooroobla clay Mundiwa clay
Coree clay loam Tuppal clay loam
Yooroobla Moderately well to poorly drained plains subject to flooding  Yooroobla clay Mundiwa clay loam Coree clay loam

Morago clay loam

Tuppal clay loam
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Table 2.6. The 16 soil landscapes identified in the broader Coleambally landscape survey. Included are
the physiographic unit, soil landscape, dominant and subdominant associations (Table 2.5) and
generalised Great Soil Group (van Dijk & Talsma, 1964, Table 6)

Physiography Soil Landscape Soil Associations Characteristic
Dominant (italics) and Great Soil Group
subdominant (Stephens, 1953)
Continuous Waddi river ridge Cobram, Sandmount, Deep sands

river ridge

Yamma river ridge

Tenningerie, Thulabin Red-brown carths

Broken river

ridges

Cararbury river ridge

Sandmount, Solodized solonetz

Tenningerie, Danberry,

Tubbo river ridge
Thulabin
Boona river ridge
Banandra river ridge =~ Danberry, Thulabin
Gidgell river ridge
Apex plain Ourendumbee plain Birganbigil Red-brown earths
Gilgaied clay  Jurambula plain Yooroobla, Grey and brown soils
plains Wunnamurra of heavy texture
Cararbury plain Yooroobla, Willbriggie
Gidgell plain Yooroobla, Willbriggie,
Wunnamurra
Mourndah plain Wunnamurra,
Yooroobla
Brown plains  Boobalbundi plain Willbriggie Transitional red-

Argoon plain

brown earths

Goolgumbla plain

Yamma plain

Willbriggie, Willbriggie
light subsoil phase

Accompanying descriptions on soil distribution are comments on land suitability relating to

specific crops including citrus, pasture species, cereals and rice. Each individual soil type is

placed within one of five landuse classes:
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C: Suited to citrus and most horticultural crops,

Y: Restricted horticultural use due to poor drainage, successfully used for lucerne,
pastures and cereals,

- P: Well suited for quality pasture with potential for cropping in rotations,

- G: Dense slaking surfaces provide suitability for rice growing, and,

- O: Commonly comprised of gilgai soils provide a lasting favourable tilth well suited to

pasture (van Dijk & Talsma, 1964).

Similar to the soil landscapes (van Dijk & Talsma, 1964), Stannard (1968) described and
mapped (unpublished) seven physiographic units resulting from micro-topographical
differences in the landscape. While van Dijk and Talsma (1964) utilised only previously
identified soil types in their survey, Stannard (1970) observed differences sufficient to create
14 new soil types ranging from self-mulching clays to deep sands. In the accompanying
handbook, Stannard (1970) provided morphological descriptions of all soil types with an

accompanying map issued to landholders, however, this was not published.

2.4.1.3.  Murray Valley
The Murray valley, located adjacent to the Murrumbidgee region within the Riverine Plain,
exhibits similar landscape characteristics and consequently shares similar soil types. Soil
surveys have occurred more widely in the Murray valley, focusing primarily on land suitability
and classification for irrigation during periods of land development following the Second
World War. A number of these surveys were relied upon in understanding the soil types

surrounding Coleambally. Surveys of note include:

e Soils of the Berriquin Irrigation District (Smith, 1945),

e The soil and land-use survey of the Wakool Irrigation District (Smith et al., 1943),

e Soils of the Deniboota Irrigation District and their classification for irrigation
(Johnston, 1952),

e Jernargo extension of the Berriquin Irrigation District, NSW (Churchward & Flint,
1956),

e The soils of the East Murrakool district, New South Wales, and their relation to land
use under irrigation (Churchwood, 1956), and,

e The soils and land use of the Denimein Irrigation District, New South Wales

(Churchward, 1958).
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2.4.2. Reclassifications of soil types

The diversity and variability of the lower Murrumbidgee valley’s soils creates difficulties in
effectively summarising and communicating research to stakeholders, especially when
differently named soil or landscape series are presented for each surveying exercise. The
generalisation of soil groups and their spatial occurrence is reliant on landscape position,
highlighting the importance of understanding the region’s past geomorphological history.
Hornbuckle and Christen (1999) addressed this in their report on soil physical properties
believing that, based on recurrent patterns of association and morphological similarities, the 94
identified soil types fitted within six groups: Self-mulching clays, Hard setting clays, Red
Brown Earths, Transitional red brown earths, Sands over clays and Deep sands, with subgroups
where necessary (Table 2.7). This work was expanded to include the Murray Valley and
republished as a three-report series of: (a) Accessing soil map data via Google Earth software
(Hornbuckle et al., 2008a), (b) Physical soil properties (Hornbuckle et al., 2008b) and (c)
Chemical soil properties (Thacker et al., 2008).

These reports are effective in simplifying, synthesising and effectively disseminating data from
difficult-to-access research. Data was accessed through searches of unpublished databases
containing 691 references to soil studies within the region, alongside systemic key word
searches of public sources (Hornbuckle et al., 2008b). Data was reviewed within each soil
group (Table 2.7), with soil properties presented for four major characteristics: soil physical
composition, water movement, water retention/moisture characteristics and soil

salinity/sodicity (Hornbuckle & Christen, 1999).
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Table 2.7. General features of the six soil groups first presented by Hornbuckle and Christen (1999,
Table 3-1). The ASC classifications presented may no longer be an accurate representation of these
groups, for example, an additional soil order means that the Deep sands would now likely be classed as
Arenosols.

Soil group
Feature Self-mulching Hard- Red- Transitional ~ Sands over Deep
clays setting brown red-brown Clay sands
clays earths earths
Clay Loam-clay Loam- Loam-clay Sand- Sand
Topsoil sandy loam loam,
loam cemented
Depth (m) 0.05-0.15 <0.05 0.1-0.25 <0.1 0.25-1 >1
Heavy clay, Heavy Heavy Heavy clay = Mottled Mottled
lime clay clay medium clay
Subsoil clay sand —
light
clay
Medium clay, Medium Sandy Medium Medium Light
concretionary  clay, clay, often  clay, clay, can clay
Deep subsoil  lime crystalline micaceous crystalline be sandy
gypsum gypsum at depth
common common
ASC Vertosol Sodosol Chromosol Chromosol Chromosol Rudosol

classification

2.4.3. Secondary, production focused, soil studies

Historical soil studies have the capacity to provide a baseline resource for understanding
changes to soil characteristics following the development of irrigation systems. Government
research centres established in Griffith, Yanco and Deniliquin facilitated substantial soils
focused work in the region. Much of this work examined specific production systems for
different crops, with comments on the soil condition or basic soil data noted. Lang and Hicks
(1975) presented a bibliography of soils research to have occurred within the Riverina. This
catalogued all prior work relating to soils within the region based on specific study areas. Data
from many of these projects was incorporated within the work of Hornbuckle et al. (2008b)
and Thacker et al. (2008) where it was used to summarise differences in soil properties between

the six re-classified soil groups (Table 2.7).

A broader study undertaken by Talsma (1968) examined and mapped salinity from east of

Coleambally to south of Maude, in the west of the region, utilising over 350 datapoints. In
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averaging measurements at 2-4 ft (0.6-0.9 m) depths, a gradual trend of increasing salinity
from east to west is shown (Figure 2.15). Analytical data showed a distinct difference in the
salinity variability of heavy grey and brown soils in the west, with a marked salinity increase
below a depth of 1 ft (0.3 m), compared to the heavy grey and brown soils in the east. Utilising
a smaller dataset, Exchangeable Sodium Percentage (ESP) was generally low (<7%) in the east,
however, increased to 7-22% at the surface and 15-30% in subsoils west of the K transect

(Figure 2.15).

SALINITY MAP OF RIVERINE PLAINS o 5 !
by T. Talsma “1

LEGEND
: 0-0.10 % C1 M= N Transects
D nIg-025%5 ¢l W Sites 4 - &
[:[ 0.25-0.50 % CI

L.__[ = 0.50 % Cl

Figure 2.15. The salinity map produced by Talsma (1968, Figure 8) for the Riverine Plain south of the
Murrumbidgee River between the Yanco Creek anabranch and the town of Maude.

2.4.4. Soil series in relation to palaeochannel systems

Patterns of soil property distribution are strongly correlated with geomorphologic units and
features. In the first theory on prior streams, Butler (1950) theorised that channel beds contain
coarse channel sediments with adjacent levees, or dunes, comprised of sandy clay loams and
sandy clays. Soils become more clayey and contain more salts moving laterally away from
these streams with salinity greatest in the downstream (westerly) reaches of the palacochannel
systems (Butler, 1950). This model was slightly modified by Butler (1958) and Langford-Smith
(1960) (Figure 2.16). Both models showcased clear increases in the clayeyness of soil moving
away from channel systems (Figure 2.16). Butler (1958) theorised that as clay content
increases, salt content also increases while lime content decreases. The occurrence of
occasional sand dunes, as further explained by Pucillo (2005) is also included in the schematic

(Figure 2.16).
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Figure 2.16. Two ‘characteristic’ soil sequences along a perpendicular traverse to palacochannels
presented by Butler (1958, Figure 5) (top) and Langford-Smith (1960, Figure 10) (bottom).

Murphy et al. (2000) aptly describes the west of the study area, between Hay and Balranald, as
“a mosaic of Grey Vertosols and Red Chromosols” with the almost level plain traversed by
prior streams. Murphy et al. (2000) classifed shallow streambeds as Hypocalcic Calcarosols
with scalded margins and levees (Murphy et al., 2000). Where not subject to secondary actions,
preserved source bordering dunes are also present. A recent change to the Australian Soil
Classification (ASC) may result in these palaeochannel streambeds and dunes being classified

as Arenosols instead of Calcarosols (Isbell & National Committee on Soil and Terrain [NCST],
2021).

In the area described by Murphy et al. (2000) there are also more complex relationships. The
patterns of soil distribution are clearer in upstream areas or where palacochannel systems with
higher streamloads fully traversed the plain. Not described in literature is how the relationship
becomes less clear on distributary, or terminal channels where streamflows decreased, and

sinuosity increased, as these systems terminated. Such distributary channels can be observed
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on the plain north of Hay and towards Balranald. Here, streambeds of coarse sediments are
sharply incised within grey clays, with no graduated change in texture across a traverse. Levees,

as described by Butler (1958) and Langford-Smith (1960), are less common in these instances.

2.4.5. Digital soil mapping products

This review has so far focused on traditional survey methods in association with studies of
landscape formation. While effective, soil survey processes are both cost and time intensive.
Kidd et al. (2020) briefly discussed the decline in soil surveys within Australia since the 1990s,
due to decreased funding and availability of expertise, before presenting how DSM transitioned
from a research topic to operationally filling this void. Over this time, improvements in
computational capacity and the availability of spatial data have seen significant interest and
advancements in the field of DSM globally (Minasny & McBratney, 2016). Where traditional
soil surveys required a high level of local knowledge, DSM instead utilises statistical
relationships between soil and environmental data to make predictions of soil properties at
specific locations (Arrouays et al., 2014; Han et al., 2022). Ma et al. (2019) also presented how
DSM can work to support traditional pedological methods to gain increased insights into soil

development and processes.

In noting commonalities among recently created digital soil maps, McBratney et al. (2003)
presented the ‘scorpan’ model as a framework for DSM. Where the longstanding equation of
Jenny (1941) explained factors which account for the formation of soils, the scorpan approach
is instead an empirical quantitative description of soil and spatial factors which can be used as

predictors (McBratney et al., 2003).
ScorSa=f(s,c,o0,1,p,an) +e

The equation presents soil, as either a specific soil property (Sa) or a soil class (Sc), as a function
of soil (s), climate (c), organisms (0), relief (r), parent material (p), age (a) and spatial position
(n), with spatially correlated residuals also incorporated (McBratney et al., 2003). Since this
time there have been a diverse range of reviews focusing on advancements and applications of
DSM (Arrouays et al., 2014; Minasny & McBratney, 2016; Malone et al., 2017; Searle et al.,
2021; Chen et al., 2022; Adeniyi et al., 2024).

One key benefit of DSMs is their accessibility. Whereas historical, analogue data is at risk of

being lost, public digital resources are readily available and simple to interpret. Currently, there
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are three widely utilised digital soil maps covering New South Wales, including the entirety of

this study area. These are:

- The state NSW Digital Soil Map (Gray, 2023; NSW OEH, 2017),

- The national Soil and Landscape grid of Australia (SLGA) (Grundy et al., 2015;
Viscarra Rossel et al., 2015), and,

- The global SoilGrids250m global soil map (Hengl et al., 2017a; Poggio et al., 2021).

Utilising the SLGA as an example, it presently contains 20 nationally mapped soil properties
at depth intervals of; 0-0.05, 0.05-0.15, 0.15-0.3, 0.3-0.6, 0.6-1 and 1-2 m. These layers have
the potential to be utilised as important covariates in secondary environmental (Andres et al.,
2021; Rifai et al., 2024) and agricultural (Al-Shammari et al., 2021; He & Wang, 2019; Lawes
et al., 2023) studies. Of relevance to this study area was a model of exchangeable sodium
percentage (ESP) developed by Pozza et al. (2022) across the Murray Darling basin. This study
utilised publicly available covariate data alongside soil point datasets to predict ESP to a depth
of 1 metre, and to identify the depth where sodicity constraints of 6, 10 and 15% ESP were
exceeded (Pozza et al., 2022). The produced models and maps show that at a depth of 0.2-0.3
m, 82% of this study area exceeds an ESP of 10% (Hazleton & Murphy, 2007) while at 0.9-1
m depth this increases to 99% of the study area (Pozza et al., 2022).

2.5. Current limitations to available soils information

Despite the breadth of work undertaken over the last century, there are knowledge gaps
regarding the region’s soils. A report by Holland and Eastwood (2014) addressed these in a
scoping study evaluating the understanding of the region’s soils in relation to cotton production.
While this report focused on the cotton industry, it identified limitations in presently available
soil information relevant to other agricultural sectors and general land management. In areas
of land without accurate soil data, or those where an understanding of inherent soil properties
is limited, it is difficult to know the locations most at risk of soil degradation and temporal
change. As a result, information regarding both threats to the soil, through anthropogenic
degradation, and opportunities, such as increased carbon sequestration, cannot be

communicated.

2.5.1. Data and resource availability

Presently, a major limitation regarding information on the region’s soils is the availability of

geolocated soil data, which underpins the accuracy of DSM activities. There are also
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shortcomings in stakeholders’ ability to access legacy soil resources including soil surveys,
landscape maps and secondary work focusing on soil through an agronomic lens. Soil surveys
and landscape maps are publicly available for the MIA and CIA, however, beyond these areas
such resources do not exist. This is noted by Holland and Eastwood (2014) with respect to land
surrounding Hay, where there has been a significant expansion of the cotton industry. While
the NSW state government generated a significant number of soil map sheets across the state

from the 1960s to the early 2000s, they are not available for much of this study area.

This is not to say that the examining of specific soil properties has not occurred. In fact, the
bibliography of soils research within the Riverina presented by Lang and Hicks (1975)
identifies extensive works to have occurred over the prior 40 years. Much of this work,
however, was never digitised. Consequently, it is not available through searches of public
databases and risks being lost. Some of these private, or unpublished, databases were included
in the report of Murrumbidgee soil types presented by Hornbuckle and Christen (1999). Despite
this, for many of the 94 individual soil types identified within the MIA and CIA, there was
limited or no soil site data available. Where data is available, difficulties may arise geolocating

sample sites, undermining its value.

Over recent years there has been an expansion in companies offering privately contracted soils
‘research’. This has seen an increase in private soil surveys as opposed to the institutional,
public surveys that have been discussed earlier. In many instances, this work focuses on soil
through an agronomic lens, primarily concerned with plant nutrients and the topsoil. While this
is an important aspect of the farming system, it neglects fundamental soil properties, such as
the mineral suite and texture, which are important determinants of susceptibility to degradation.
While these works ultimately have the potential to build stakeholder capacity and inform
regional understandings of soil properties and their distribution, the findings are not publicly

available.

2.5.2. Temporal variability

Changes to the soil over time also have the potential to negatively impact the usefulness of
available data and resources. While soil change is a natural process, it can be exacerbated by
anthropogenic activities related to farming systems. Consequently, where significant changes
to the soil have occurred the value of historical resources, including soil surveys, can be
diminished unless data has been appropriately catalogued and can be used to study temporal

change.
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The most significant anthropogenic changes have resulted from land reformation. To allow for
appropriate water flow, land under broadacre flood/furrow irrigated cropping systems
commonly requires a gradient of 0.05-0.5% (Esfandiari & Maheshwari, 2001; Devkota et al.,
2021). To facilitate this, areas of higher elevation are ‘cut’, with the material placed in lower
elevation, ‘fill’ areas. Consequently, there is the potential for upper soil horizons to be
completely removed in ‘cut’ regions with lower B horizons now at the surface. Similarly, in
“fill’ areas, the previous topsoil can now become the subsoil. While this does not classify the
soil as an anthroposol, per the ASC (Isbell & NCST, 2021), it significantly alters the soil
condition. Cay and Cattle (2005) presented a study examining how this process impacts soil
properties in cotton production systems in the neighbouring Lachlan Valley. This work noted
that cotton growers had observed yields in ‘cut’ areas to be up to 5 bales/ha lower than in “fill’
areas (Cay & Cattle, 2005). Of the soil profiles examined, the oldest, most pedologically
differentiated soil exhibited the greatest change between native, ‘cut’ and ‘filled’ profiles (Cay
& Cattle, 2005). Jessop et al. (1985) identified that, on texture contrast soils in the Macquarie
Valley, there were significantly fewer cotton bolls, an indicator of potential yield, in ‘cut’
compared to ‘filled’ areas. In a study in southern Queensland, Jones et al. (2022) identified that
cut and fill was the variable most negatively contributing to irrigated cotton yield in 26% of
the study area. The change in soil properties identified by Cay and Cattle (2005), and broader
negative influences on yield, is likely to be present in the Murrumbidgee Valley, with soils
significantly altered since first being surveyed. These changes complicate utilising historical

data to understand the influence of soil on crop yields.

Exacerbated soil change also occurs in instances where land has not been physically reformed.
Filippi et al. (2016) provided a detailed discussion on global soil degradation issues influenced
by agriculture, including acidification, erosion, salinisation and soil fertility. A variety of global
examples are given to showcase how these processes impact specific soil properties over time
(Filippi et al., 2016). Across the cotton growing region near Hillston, adjacent to this study
area, Filippi et al. (2018b) identified a mild acidification trend between 2002 and 2015. Across
the same area and time-period, Filippi et al. (2018a) examined changes to soil electrical
conductivity (EC) and exchangeable sodium percentage (ESP). ESP values tended to decrease
over time, most significantly in cotton growing areas, while EC both increased, primarily in
horticultural soils, and decreased, in soils used to grow cotton, with statistically significant

change observed in isolated areas only (Filippi et al., 2018a). These changes relate to the
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proportion of salts being added to the soil either through saline irrigation water or specific

fertilisers, in association excess water application or heavy rainfall events.

Physical deterioration is also noted as a major soil degradation issue by Filippi et al. (2016).
Physical change to agricultural soils often focuses on compaction which, measured through
soil bulk density, increases as a result of heavy machinery and livestock trafficking (Hamza &
Anderson, 2005). Soils of the region are also known to be susceptible to coalescence (Cockroft
& Olsson, 2000; Daniells, 2012) and hardsetting (Mullins et al., 1990). While these processes
occur naturally through wetting and drying cycles, they have the potential to be accelerated by
irrigation cycles. This may impact the long-term sustainability of crops reliant upon irrigation
water by limiting the effective rooting depth of plants and/or increasing waterlogging

susceptibility.

2.5.3. Soil sequences

The presence of levees and/or dunes in association with palacochannel systems is a key
component of the soil sequences discussed earlier in this review. Where these are absent,
difficulties may arise in applying a generalised soil sequence to palaecochannel systems. The
absence of levees may be a result of palaeochannel form or due to secondary aeolian action as
already discussed. A background understanding of the region is required to prevent incorrect
conclusions regarding soil distribution being drawn based on the presence and/or
characteristics of levee systems. A potential secondary consequence of dunes remobilising as
sheets across the plain (van Dijk & Talsma, 1964) is the masking of other surface soil features.

This, however, has not been reported.

The influence of ‘cut’ and ‘fill’ practices has already been discussed. This too has the potential
to diminish the value of soil sequences by moving a part of the soil profile from one location
on the sequence to another, thus, altering the sequence. In areas where parna sheets are present
near the surface and development for irrigation has occurred, these sheets may have been mixed

with other layers of the soil profile.

2.5.4. Spatial supports and uncertainty of digital soil resources

The ability for digital soil maps to accurately model soil properties is reliant upon the quality
and abundance of input data. When considering the value of the available DSMs, both the farm

and regional scale are important. While much of this work, like earlier geomorphological and

63



Chapter 2 — Review of literature

soil landscape studies, occurs at a broader scale in most instances the key stakeholders are
private landowners. Consequently, the ability to downscale resources to support decisions at
the farm scale is important. Searle et al. (2021) show soil data to be sparsely available in this
region compared to other areas of the state. Consequently, it is not surprising that accuracy of
model predictions decreases. In the lower Murrumbidgee, the NSW product (Gray, 2023; NSW
OEH, 2017) predicts to a ‘very low’ confidence class, noting “very limited soil and landscape
data is available at the regional scale”. When examining this map (Figure 2.17), the soil
classification for more than 70% of the region is “Vertosols”. While localised knowledge
supports a high presence of vertosols across the plains, directly intertwined within these are
sands associated with palaeochannel streambeds, levees or source bordering dunes (Murphy et
al., 2000). While this map identifies more significant source bordering dunes and levees as
rudosols, it fails to acknowledge the presence of these finer scale palacochannel deposits

(Figure 2.17).

ASC orders for the lower
Murrumbidgee valley

ASC soil order
I Vertosols
I Chromosols
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Figure 2.17. The Australian Soil Classification (ASC) orders, predicted at a very low confidence class,
for the study area. The extent of the Murrumbidgee and Coleambally Irrigation Areas is also shown
(NSW OEH, 2017).

The state (NSW DSM), national (SLGA) and global (SoilGrids250m) DSM products typically
use a single model to make predictions across the entirety of the state/nation (Gray, 2023;

Grundy et al., 2015; Hengl et al., 2017a; NSW OEH, 2017; Poggio et al., 2021; Viscarra Rossel
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et al., 2014). Consequently, while the variability in this study area is known to be significant,
it is at a much more localised scale than what these models, over larger areas, are built on and
these variations are not detected. This is described in detail by Han et al. (2022) who examined
the predictive capacity of the three different DSM products using external datasets at the point,
strata (field management zone) and farm scale across 14 locations from central Queensland to
southern NSW. For 0-0.3 m clay content reported validation statistics (LCCC) were 0.53 and
0.56 for the NSW and SLGA DSMs, respectively. When assessed against the external
validation dataset at the different support levels, however, model validation statistics were
below what was reported. At the point scale external validation LCCCs of 0.22 (NSW) and
0.33 (SLGA) were produced for clay content at 0.3-0.6 m. For the SLGA product the LCCC
increased at the strata spatial support (LCCC=0.58) and remained similar at the broader farm
scale (LCCC=0.51). External validation statistics, however, decreased for the NSW product at
the strata support (LCCC=0.20) and again at the farm scale (LCCC=0.07). Soil organic carbon
was validated at the same depth, with Han et al. (2022) concluding that when assessed against
independent datasets, DSM products perform worse than their published model values and are
unable to represent within field variability well. Similarly, Bishop et al. (2015) identified that
prediction quality was much greater at a support scale of soil-land use complexes compared to
point and 48 m block supports. Searle et al. (2021) also identified issues with the area of
applicability of DSMs resulting from some areas nationally having dense numbers of

datapoints in contrast to others, such as the lower Murrumbidgee valley, where data is sparse.

Practically, this suggests that while the pixel size of the DSM resources is theoretically fine
enough to predict variability at the field scale, the products in their current form do not identify
this variability. Han et al. (2022) did not find that national models, built with a larger soil
observation dataset, outperformed the state model. This suggests that the distribution and
density of soil observation datapoints is vital. Therefore, while the current digital soil mapping
resources do identify broad landscape trends across the lower Murrumbidgee valley, they are
not able to identify localised variability. This undermines their potential for use in decision

support at the farm or paddock scale.

2.6. Opportunities to enhance understandings of the region’s soils

Increasing available data underpins the potential knowledge enhancement of lower
Murrumbidgee valley soils. This is central to the development of robust digital soil maps and

will allow for a greater understanding of how the region’s soils have changed, or may change,
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temporally. Farmers, along with consultants and agronomists as intermediaries, are a primary
stakeholder of the soil and, consequently, it is important to consider their requirements as the
end-users of research while understanding opportunities and potential drawbacks in sharing

soil data.

2.6.1. Publicly available data

The ability to manage and effectively deliver soil data is currently a major priority in Australia.
The Federal Government National Soil Strategy (CSIRO, n.d.; Department of Agriculture,
Fisheries and Forestry [DAFF], 2024) provided $15 million in the 2021-2022 budget to assist
the Australian National Soil Information System (ANSIS) in improving this data storage and
delivery. While often focused on surface soil samples, farmers regularly maintain a large
database of soil measurements. In 2022 the Australian Government also implemented the
Historical Soil Data Capture Payments program to increase data availability (DAFF, 2023).
The 12-month program resulted in 553 data owners participating, with 291,203 results
submitted (DAFF, 2023). Programs sharing data have the potential to be effective in
supplementing soil survey activities, which are both time and cost intensive. Within the lower
Murrumbidgee valley there is the potential for specific industries to work with stakeholders,
encouraging them to share data to advance the localised industry. Essential to this is effective
communication of the benefits that the stakeholders will receive and certainty surrounding data

protection and sharing of data through appropriate terms of reference and use.

2.6.2. Legacy soil data

Where legacy soil data is available there is value in undertaking studies to determine how these
soils have changed over time. At known geolocated sample points, if the temporal changes can
be quantified there is the capacity to extend these findings over larger areas. Further, such
quantification of change can then be harnessed to inform how soils might change into the
future, including which soil types are most, or least, at risk of specific soil degradation

Processes.

There is also the potential to utilise geomorphological studies in soil mapping through a geo-
pedological approach. Zinck et al., (2016) provided detail on integrating the two disciplines
with numerous methodological examples in their book ‘Geopedology’. In Argentina, Leizica

et al. (2022) utilised geomorphological maps alongside satellite NDVI and slope to identify
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soil sampling locations, creating soil management zones by extrapolating soil type and

capability using the geomorphic map.

2.6.3. Digital soil mapping approaches

In addition to the discussed current limitations of DSM products in the lower Murrumbidgee
valley, there are significant opportunities. When considering lessons from the
operationalisation of DSM in Australia (Kidd et al., 2020) there are clear pathways to improve
resources both spatially and temporally (Searle et al., 2021). A key benefit of DSMs is their
accessibility. There is the potential to generate readily available, easily interpretable soil maps
allowing stakeholders to understand variability of specific soil properties more accurately at a

farm and regional scale.

Regionally, the lower Murrumbidgee valley will benefit greatly from increased data
accessibility. Once this data is available, there is a greater capacity to develop a more refined,
regionally specific model. It is likely that such a model will have greater sensitivity to localised
variability, with the potential to outperform larger state, national or global DSMs (Han et al.,
2022). In creating these resources there are opportunities to use higher resolution covariates
(Kidd et al., 2020) and frameworks to downscale data to the desired resolution (Malone et al.,
2012; Malone et al., 2017). Legacy soil maps and surveyor knowledge can also be incorporated
through various methodologies (Sulaeman et al., 2013; Bui et al., 2020; Ellili-Bargaoui et al.,
2020). There is the capacity to develop DSMs at the farm and field scale utilising publicly
available (remotely sensed) and privately collected (proximally sensed) data as model
covariates. The increase in bespoke model quality from incorporating both covariate types is

discussed by Filippi et al. (2024).
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2.7. Conclusions

While the lower Murrumbidgee may appear as a relatively lifeless, flat plain, it in fact has a
rich geomorphological history and diverse, highly variable soils. From a stratigraphic
perspective it can be considered as ‘paleochannel spaghetti’ in ‘3D’ where differently aged
sediments with different characteristics are intertwined at, and below, the surface. At the
surface, mosaics of differently coloured sediments weave their way across the landscape.
Below the surface, layers of older sediments continue to be intertwined also, with strings of
sands among more clayey textured sediments impacting hydrology. As well as necessitating
considerations of deep drainage, this hydrological variability influences the pedological
development of surficial sediments, continuing to impact the soils that are farmed today. Atop
of this are varyingly thick layers of acolian deposits comprised of parna or remobilised dunes.
While these interactions and the resulting patterns of soil distribution are complex, legacy
studies highlight that they can be understood. At present, however, the efficacy of digital
resources for the lower Murrumbidgee valley is reduced due to the sparseness of available data.
Similarly, while this review draws on a wide range of studies from across over half a century,
from a soils perspective this has almost solely occurred in the MIA and CIA. In the west,
however, there is a paucity of available information regarding soil types and their
characteristics. While geomorphological maps extend through the western reaches, there are
no considerations of how palaecochannel anabranches impact soil variability. It is in these areas
where variability in patterns of sediment distribution become most complex and future research
should be targeted. New DSM methodologies present opportunities to address gaps in spatial
understandings, however, more geolocated data is required to produce models that are accurate

at a local level, a necessity given the fine scale at which variability occurs.
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Chapter 3

3. Materials and methods — study area, soil sampling and

soil property datasets
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3.1. Introduction

While each chapter of this thesis has a different objective, there is a base dataset, or a subset
thereof, that each chapter uses. To avoid unnecessary repetition in each of the research chapters
the relevant background information on the obtaining of these datasets will be described here.
This first step in this consists of differentiating between the ‘valley-wide’ and ‘within-field’
data subsets and describing the methodology used to identify sampling sites. Combined, these
subsets form the ‘full-dataset’. This full dataset is utilised in Chapters 4, 6 and 7 of this thesis.
The within-field subset is focused on soils at the farm scale and is utilised in Chapters 4 and 5.
The laboratory methods used to collect data will be described, as will the use of visible near
infrared (VisNIR) spectroscopy to make predictions of particle size distribution. Finally, while
different modelling approaches and combinations of predictor variables are used in each of the

chapters, some background information on digital soil mapping (DSM) is also provided.

3.2. Study area, population centres and agricultural production

The area examined in this study, referred to as the “lower Murrumbidgee”, was defined
spatially by extracting the area within the bounds of the Murrumbidgee River valley catchment
and the Riverine Plain bioregion (Figure 2.1). While the lower Murrumbidgee’s alluvial soils
have developed as a result of palacochannel system activity, as described in the review of
literature, the modern Murrumbidgee River is the defining landscape feature. While this
Holocene system has played only a minor role in landscape evolution and soil development it

is essential to the region, providing water for human consumption and irrigation.

The area is defined as dry and semi-arid (Stern et al., 2000) with rainfall decreasing along an
east-west gradient from Leeton (432 mm rainfall annually) to Balranald (350 mm rainfall
annually) (Table 3.1). Despite this, higher rainfall in the upstream areas of the Murrumbidgee
catchment allows for access to water for irrigation which is the primary driver of the region’s
economy. The region includes two purposely designed irrigation areas, the development of
which were tied to the building of dams in the upper, high rainfall regions. The older
Murrumbidgee Irrigation Area (MIA) was developed during the 1910s following the
construction of Burrunjuck Dam (1,028,000 ML capacity). The more recent Coleambally
Irrigation Area (CIA) was developed in the 1960s alongside the construction of Blowering Dam

(1,628,000 ML capacity).
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Table 3.1. Summary climatic statistics from population centres across the region showing the
summer and winter mean maximum and minimum temperatures as well as the average number
(no.) of rainfall days and mean annual rainfall. Data collated from BOM (2023).

Summer Summer Winter mean Winter mean Mean no. Mean
mean mean maximum minimum rainfall annual
maximum minimum temperature  temperature  days (>-  rainfall
Location temperature  temperature (°C) (°C) Imm) (mm)
(°C) (°C)

Narrandera 32.3 16.8 15.2 3.6 59 433
Yanco 32.5 17.9 15.3 5.2 53 394
Griffith 32.2 16.7 15.3 3.9 48 397

Hay 32.3 16.0 16.1 39 50 367

Balranald 32.2 16.0 16.5 4.2 46 323

Beyond these named irrigation areas, direct extraction from the Murrumbidgee River or
groundwater aquifers allows for irrigation to occur. The selection of crops grown relies
primarily on water availability and soil type. Recently there has been an expansion of cotton
production on heavier soil types, with a need identified to increase the information relating to
soils that is available to these landowners (Holland and Eastwood, 2014). Prior to the recent
expansion of the cotton industry within the region, a productivity report submission found the

MIA alone was estimated to contribute over AUD $5 billion to the economy (M1, 2010).

3.3. Soil dataset collection

A soil sampling plan was formulated to account for the main soil types under cotton production
while also representing variability in soils not used for irrigated agriculture. A total of 153 soil
cores with a diameter of 40 mm were extracted to a depth of 1 m (Figure 3.1). The soil coring
rig used to extract cores was manufactured by Christie Engineering (Sydney, Australia) to
specific design specifications in 2016 and utilises a hydraulic hammer as opposed to a rotating
drill mechanism. The rig is mounted on a Toyota Landcruiser ute and is powered by a 4 stroke
Honda GX270 motor. At each sampling site notes were made on the surface condition of the
soil and surrounding landscape. Once extracted, soil cores were placed in half-cut polyvinyl
chloride (PVC) pipes, wrapped in plastic sheeting and returned to the laboratory. The sample

sites and obtained data are described in two subsets that, combined, form the ‘full dataset’
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(Table 3.2). These subsets will, henceforth, be referred to as the ‘valley-wide subset’ and the

‘within-field subset’.
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Coleamball
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Landuse
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Figure 3.1. The location of the 153 sample sites from across the study area where soil cores were extracted to a depth of 1 metre. Shown also are
the major population centres, pathways of the Murrumbidgee River and its distributary systems as well as Irrigation supply channels (NSW
DCCEEW, 2023).

73




Chapter 3 — Materials and methods

Table 3.2. The breakdown of sample sites within the two subsets showing the farm, landuse and number
of sites.

Subset Farm Landuse Number of sites
Irrigated cotton 73
. Natural condition 43
Valley-wide Dryland cropping 2
Total valley wide 118
Irrigated cotton 8
Farm 4 Natural condition 1
Within-field Farm B Irrigated cotton 8
Farm C Irrigated cotton 18
Total within-field 35
Full dataset total 153

3.3.1. Valley wide subset

The first subset is the valley-wide subset, consisting of 118 soil cores taken from various
landuses across the entirety of the region (Table 3.2). The selection of sampling sites was
undertaken in two parts. Firstly, as this project is aimed towards cotton production, a purposive
sampling plan was formulated with local stakeholders to identify 17 cotton farms from across
the region that were representative of soil variability. Across these farms, 63 soil cores were
taken, with multiple cores taken per farm where soil variability was present. This results in the
observed clusters of sample points (Figure 3.1). Secondly, a covariate stack of remotely sensed,
publicly available data was used to group the study area into clusters on the basis of similarity
(Table 3.3). A stratified random sampling plan was then developed and executed within these

clusters.

3.3.1.1.  K-means clustering and stratified random sampling plan
In total, 55 locations were selected for sampling following K-means clustering of remotely
sensed covariate data and the implementation of a stratified random sampling plan. This
methodology intended to identify sites to compliment the purposive sampling plan. In
undertaking this, a 30 x 30 grid was created for the study area before each spatial covariate was

extracted on the grid (Table 3.3).
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Table 3.3. The full suite of covariate data utilised in the development of sampling clusters in this study

Data Data description Data source Resolution

category

Terrain Elevation (m) Gallant et al. 2011 30 m
Slope (%) Gallant and Austin (2012a) 30m
Slope (degree) Gallant and Austin (2012a) 30m
Slope (relief) Gallant and Austin (2012b) 30 m
TWI Gallant and Austin (2012¢) 30m
MrVBF Gallant et al. (2012) 30 m
MrRTF Gallant et al. (2013) 30m
Aspect Gallant and Austin (2012d) 30m
TPI (class) Gallant and Austin (2012¢) 30m
TPI (mask) Gallant and Austin (2012¢) 30m

Radiometric Dose rate Minty et al. (2009) 100 m
Uranium (ppm) Minty et al. (2009) 100 m
Potassium (%) Minty et al. (2009) 100 m
Thorium (ppm) Minty et al. (2009) 100 m
Uranium: Thorium (ratio) Minty et al. (2009) 100 m
Uranium?: Thorium (ratio) Minty et al. (2009) 100 m
Uranium: Potassium (ratio) Minty et al. (2009) 100 m
Potassium: Thorium (ratio) Minty et al. (2009) 100 m
Geological  Silica content (%) Gray et al. (2016) 1:250,000

Satellite Landsat 7 NDVI 5% percentile ~ Gorelick et al. (2017) 30 m
Landsat 7 NDVI 50™ percentile Gorelick et al. (2017) 30 m
Landsat 7 NDVI 95 percentile Gorelick et al. (2017) 30 m
Landsat 7 Band 3 (Red) 5" Gorelick et al. (2017) 30 m
percentile
Landsat 7 Band 3 (Red) 50" Gorelick et al. (2017) 30 m
percentile
Landsat 7 Band 3 (Red) 95" Gorelick et al. (2017) 30 m
percentile

Following visual and statistical analysis of different covariate combinations, it was decided that
NDVI 50% percentile, radiometric thorium, silica and slope (%) would be used to formulate the
clusters. These variables were selected based on their ability to represent known landscape
variability, including the influence of previously mapped paleochannel systems (Page and
Nanson, 1996), various patterns of differently described plains (Butler et al., 1973) and
previously published digital soil resources (NSW OEH, 2017). DEM was not included in the
clustering analysis, due to the unrealistic east-to-west banding effect it caused while additional

covariates complicated the model resulting in speckled, non-continuous, clusters. A visual
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examination of the ‘elbow plot’ (Figure 3.2), and considerations of the appropriate weighting

of 55 sample sites among clusters, resulted in six clusters being chosen.
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Figure 3.2. The ‘elbow plot’ showcasing a slowing rate in the decrease of the within groups sum of
squares as the number of clusters for the region extends beyond six. This was chosen to balance the
statistically optimal number of clusters without limiting how the 55 soil cores would be distributed
between them.

The covariate stack containing NDVI 50" percentile, radiometric thorium, silica and slope was
then partitioned into the six clusters with parameters set to have 20 different initialisations and
a maximum of 100 iterations for each initialisation. Once each cluster was defined, a stratified
random sampling plan was employed whereby the number of samples assigned per cluster was

weighted depending on the overall size of that cluster (Figure 3.3).

Over the course of 2020, 2021 and 2022 numerous alterations to this sampling plan were
necessary. Initially, the outlined weighting toward cotton farms was to be paired with a larger
number of non-cotton soils, however, an inability to travel to the region due to multiple
pandemic enforced lockdowns meant that the overall number of cores taken needed to be
reduced. Further, La Nifia weather events resulted in significant flooding in the region during
2021 and 2022 making some sampling points inaccessible due to road closures. In these
instances, sampling sites were moved to the nearest accessible point within the predefined

cluster.
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Figure 3.3. The finalised clusters and identified sampling locations. Of note are the spatial
patterns of each cluster which accurately represent previous work by following the paths of
known palacochannel systems and their associated drainage plains.

3.3.2. Within-field subsets

The second, within-field, subset encompassed 35 soil cores (Table 3.2), including one native
vegetation site, extracted at a higher density from three paddocks across the study area (Figure
3.4). The names of the farms on which these paddocks were located have been anonymised to
Farm A, Farm B and Farm C. Data obtained from Farm A and Farm C is the basis of Chapter
5, examining the influence of paleochannels on within-field soil variability and how this
impacts crop production. It is also referenced in Chapter 4 in discussions on localised soil
morphological variability. These sites were selected due to their proximity to known
palacochannels of different characteristics and the available proximally sensed soil and crop
yield data. The selection of sample sites occurred through clustering yield data and
considerations of proximally sensed data, with more detail surrounding this provided in

Chapter 5.
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Figure 3.4. The location of the farms where the within-field subsets were sampled in this study shown
in relation to the population centres of Griffith, Hay and Darlington point.

3.3.2.1.  Farm A subset (n=9)
The Farm A subset involved the extraction of 8 soil cores from an 82 hectare paddock and one
paired native vegetation site on the property ‘Farm A’, located 18 km north-west of Hay (Figure
3.4). The site at Farm A was chosen due to a sand seam that is incised in the heavy clay
landscape. This is reflected in both crop yield and proximally sensed soil data. This stream can
be a considered a terminal, distributary channel associated with the Gum Creek palaecochannel

system which is estimated to have been active between 35 to 25 ka (Page and Nanson, 1996).

3.3.2.2.  Farm B subset (n=8)
The Farm B subset involved the extraction of eight soil cores from a 240 ha paddock on the
property ‘Farm B’, located centrally within the region near the town of Carrathool,
approximately 50 km east of Hay (Figure 3.4). The paddock is located ‘midstream’, on plains
approximately 25 km north of the Kerarbury Palacochannel system (Page and Nanson, 1996).

3.3.2.3.  Farm Csubset (n=18)
The Farm C subset relates to 18 soil cores which were extracted from a 94 hectare paddock on
the property ‘Farm C’, located approximately 12 km southwest of the township of Darlington
Point (Figure 3.4). The paddock was chosen due to its close proximity to the Waddi River Ridge
(Waddi Reach) (van Dijk and Talsma, 1964), an arm of the Kerabury system which is estimated

78



Chapter 3 — Materials and methods

to have been active between 55-35 ka (Page and Nanson, 1996). Unlike the terminal nature of
the sand seam at Farm A, at a site nearby the width of the Waddi Reach was estimated to be
220 m with a bankfull discharge of 2610 m® s3, 8.3 times greater than the modern river.
Consequently, it has had a more significant effect on the landscape with a preserved source

bordering dune still present. For the Farm C subset, 18 cores were extracted from a 94 hectare

paddock.

3.4. Soil property analysis

Once extracted and returned to the laboratory, all cores (n=153) were vertically halved to reveal
a more ‘natural face’. Each core was then horizonated and morphologically described. The
occurrence and observed depth of lime, gypsum, coarse fragments (>2 mm) and subdominant

colours were noted. This data is utilised in Chapter 4 of this thesis.

It was decided that each soil core would be examined at five depths, these being 0-0.1, 0.1-0.3,
0.3-0.6, 0.6-0.8 and 0.8-1 m. A shallower surface sample of 0-0.05 m was considered, however,
given many of soils within this study have been heavily, and in some instances recently,

cultivated it was decided that a surface sample of 0-0.1 m would be more appropriate.

After morphological examination, depth increment samples were air dried (40°C), ground and
passed through a 2 mm sieve. In total, this resulted in 764 samples for further processing and

analysis as one core was only extracted to 0.8 m.

All dried and ground soil samples were analysed utilising traditional laboratory methods to
determine pH, electrical conductivity and base cations. Due to the large number of samples and
the time-consuming nature of determining soil particle size distribution using the pipette
method of particle size analysis (Glendon & Or, 2002), not all samples underwent particle size
analysis, with samples from the valley-wide and within-field subsets selected for analysis
separately. All samples were then hand ground to 200 pm before being scanned with visible

near infrared spectroscopy (VisNIR).

3.4.1. Soil pH

Soil pH was analysed for all samples (n=764) in a 1:5 soil to water suspension using a
SevenCompactTM s220 pH/Ion meter. The meter was calibrated utilising solutions with a

known pH of 4, 7 and 10 after every 20 samples.
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3.4.2. Soil electrical conductivity

As a measure of salinity, soil electrical conductivity (EC) was measured for all samples in the
full dataset (n=764) in a 1:5 soil to water extract using a S230 Conductivity meter. The meter
was calibrated using a 1.413 (dS/m) solution every 20 samples. The measured EC was
converted to soil electrical conductivity of the extract (ECe) through a conversion factor based

on the soil texture grade (Table 3.4).

Table 3.4. Conversion factors to estimate ECe (dS/m) from EC1:5 (dS/m) on the basis of soil texture as
adapted from Hazleton and Murphy (2007)

Soil texture Conversion factor
Sand (S), Loamy sand (LS), Clayey sand (CS) 23
Sandy loam (SL) 14
Loam (L) Silty loam (ZL), Sandy clay loam (SCL) 9.5
Clay loam (CL), Silty clay loam (ZCL), Clay loam, sandy (CLS) 8.6
Light clay (LC), Light medium clay (LMC) 8.6
Medium clay (MC) 7.5
Heavy clay (HC) 5.8

3.4.3. Exchangeable base cations

For all samples (n=764), 35 g of soil was sent for external analysis of exchangeable base cations
(Ca**, Mg?*, K" and Na") as well as the overall cation exchange capacity (CEC). Due to known
alkalinity of samples the 15C1 method of Rayment and Lyons (2011) was chosen. This entails
a pretreatment of 60% aqueous ethanol and 20% aqueous glycerol to remove soluble salts. The
extraction of cations by leaching then occurred using 1 M ammonium chloride (NH4Cl) at pH
8.5. The exchangeable sodium percentage (ESP), an indicator of soil sodicity, was determined
for each sample by dividing the exchangeable Na' cations (cmol(+)/kg) by the overall CEC
(cmol(+)/kg) and multiplying this value by 100.

3.4.4. Particle size analysis

In total, 205 samples from the full dataset underwent particle size analysis using the pipette
method (Glendon & Or, 2002). This occurred in two stages due to the prolonged period over
which fieldwork occurred. Samples were selected for analysis separately from the within-field

subset (105 samples analysed) and the valley-wide subset (100 samples analysed).
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For each of 35 soil cores in the within-field subset, three depths underwent particle size
analysis. The 0-0.1 m sample for each core was analysed with the depths then alternating
between 0.1-0.3 and 0.6-0.8 m or 0.3-0.6 and 0.8-1 m between cores to understand variability
down the profile while balancing the time taken to undertake analysis. This produced 105
datapoints across 35 soil cores for sand, silt and clay content. This was undertaken to allow

initial analysis for Chapter 5 to proceed.

The remaining (n=100) samples were selected for particle size analysis through spectroscopic
clustering, which is discussed below. Categorisations of soil texture for use in converting soil
EC to soil ECe (Table 3.4) were made using the triangular texture diagram and field texture
grade table (CSIRO Publishing and the National Committee on Soil and Terrain [NCST],
2009).

3.5. Using visible near infrared (VisNIR) spectroscopy to predict particle size

distribution

While pH and EC can be measured rapidly in the laboratory and, in this instance, funding
enabled the external analysis of exchangeable base cations, undertaking particle size analysis
is both time and labour intensive. Consequently, VisNIR spectroscopic measurements were
used to identify an appropriate subset of samples for analysis before being used to model sand
and clay content with machine learning techniques. This approach is well established, and it is
known that soil particle size can be accurately predicted using this method (Bricklemyer and
Brown, 2010; Ackerson et al., 2015; Chen et al., 2021; Gozukara et al., 2022). Once finely
ground, all samples (n=764) were scanned using a contact probe with inbuilt halogen lamp on
an ASF Agrispec spectrophotometer (Malvern Panalytical, Boulder, Co, USA). The instrument

was calibrated using a Spectralon white tile with re-calibration occurring after every 10 scans.

3.5.1. Treatment of spectroscopic data

Spectroscopic data was imported into the software R (R Core Team, 2021) and analysed using
functions from the ‘soilspec’ package, following methods detailed by Wadoux et al. (2021).
Firstly, spectra were coerced into a single dataframe before the reflectance was converted to
absorbance (absorbance = log(1/reflectance)). Spectral trimming then occurred from 500-2451
nm to remove noisy portions before a splice correction was performed at 1000 and 1800 nm.
Spectra were smoothed using a Savitzky—Golay filter with a window size of 11 and fitting a

second order polynomial before a standard normal variate transformation was performed.

81



Chapter 3 — Materials and methods

Finally, to reduce the overall data size, spectral reduction occurred by resampling spectra at 8

nm intervals.

3.5.2. Exploratory analysis of spectral data

A principal component analysis (PCA) was performed to reduce the dimensionality of data and
assist in the detection of outliers. It was shown that the first three principal components
cumulatively explained 95.2% of the total variance. Utilising these scores, the Mahalanobis
distance between the spectra and centre of the principal component (PC) scores was calculated,
with scores exceeding a level of 3 identified as potential outliers. Two samples were identified
as potential outliers (Figure 3.5). To confirm if these measurements were outliers, the
Mahalanobis distance values were plotted while selected samples were then also plotted in
association with the top three PC scores and in an absorbance wavelength plot (Figure 3.5).

These outliers were removed before proceeding with analysis.

A) B)

5

1

1

. ; ",

Mahalanobis distance

05 10 15 20 25 30 35 4.
PC3

: el el I & w &
1 & *")w 3 l ‘p o e X 5
g 4 P ' i 0
| "’ -‘ﬂ i”‘ a'g, ’uﬁ{'%- a{“' o 4
T T T q _15-10
0 200 400 600 ‘40 W 20 -0 0 10 20 30
Index PC1
< — c)
o —
g o~
c
©
£
o
@D —
o
<C
o -
I I T 1 I
500 1000 1500 2000 2500

Wavelength /nm

Figure 3.5. Output figures highlighting the detection and validation of outlier spectra where;
A) indicates two spectra with a Mahalanobis score >3 out of the entire sample set (n=764), B)
shows these two spectra, represented with red X marks, in relation to the top three PCs, and,
C) shows the normalised absorbance of these two spectra, highlighted in red, against the
remaining dataset across the wavelengths examined.
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3.5.3. Selection of samples for particle size analysis testing

Following the deletion of outliers, eight scaled PCs, accounting for 99.9% of variance, were
retained as the dataset dimensionality had already been reduced, meaning that the dataset size
was not an issue. These PCs were then used to select samples representative of the valley-wide
subset (n=589). This excluded all samples for cores from the within-field subset (n=175) that
had already been particle size analysed through a separate selection process. A cluster stability
score was then generated for sampling sizes between 30 and 360 in increments of 30 to compare
three sampling methods; k-means clustering, conditioned latin hypercube sampling and
Kennard-stone sampling. For each sample size (30-360) the three methods were compared on
the basis of their mean square distance (msd) and standard deviation of mean square distance
(sd_msd). The conditioned latin hypercube sampling and k-means clustering produced similar

results with little decrease in the measured msd beyond a sample size of 100.

K-means clustering, on the basis that it is robust and widely used, was chosen to randomly
select 100 samples, whereby each sample is that located closest to the centre of 100 created
clusters. The decision to select 100 samples was a balance between lowering the msd and the
time taken to undertake analysis. The selected samples then underwent particle size analysis

using the pipette method of Glendon and Or (2002) as previously described.

3.5.4. Model predictions of sand and clay content

Spectroscopy was used also in a purely operational capacity to estimate the percentage sand
and clay content of samples. Utilising the particle size distribution data obtained from both the
within-field (n=105) and valley-wide (n=100) subsets, two cubist models were developed to
predict sand and clay content. The first iteration of these models utilised only spectroscopic
data as a predictor variable. Given, however, cation exchange capacity (CEC) measurements
were available for all samples, the second iteration of this model included CEC as a predictor

alongside the spectra.

Model validation was undertaken using a leave-one-sample-out-cross-validation (LOSOCV).
Model quality was assessed primarily using the Lin’s Concordance Correlation Coefficient
(LCCC), a unit-less statistic showing the agreement between the predicted and observed
measurement considering precision and accuracy whereby a value closer to 1 indicates a higher
quality model (Lin, 1989). The root mean square error (RMSE) and bias of each model are also
reported.
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Given the strong relationship between CEC and soil texture, whereby more clayey soils

generally have a higher CEC, it is not surprising that the models containing CEC outperformed

those without. In this instance, the model predicting clay content with CEC produced an LCCC

in the LOSOCYV of 0.89 while the model with spectra as the sole predictor produced an LCCC
of only 0.70, also in the LOSOCV (Figure 3.6). Similarly, the model containing CEC and

spectra to predict sand content produced an LCCC in the LOSOCYV of 0.91 as opposed to the
model with spectra alone, which produced an LCCC of 0.75, also through the LOSOCYV (Figure

3.7). Consequently, predictions for sand and clay were made using the models containing CEC

and spectra.
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Figure 3.6. Plotted predicted vs observed values for models predicting clay content containing
only spectral values (A), and spectral and CEC values (B), with relevant model statistics

reported.
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Figure 3.7. Plotted predicted vs observed values for models predicting sand content containing
only spectral values (A), and spectral and CEC values (B), with relevant model statistics
reported.

3.6. General digital soil modelling and mapping approach

All data analysis within this thesis occurred using various packages within the program ‘R’ (R
Core Team, 2023). Produced maps were either directly exported from R or were formatted

using ‘QGIS’ (QGIS.org, 2023).

While each chapter of this thesis employs different modelling approaches to predict categorical
and continuous variables at different scales, the theory behind these approaches is consistent.
These methods rely on an adaptation of the now commonly applied ‘scorpan’ approach to DSM
which was presented by McBratney et al. (2003). Whereas the traditional equation of Jenny
(1943) sought to understand factors affecting soil formation, the ‘scorpan’ approach seeks to
allow for the prediction of soil classes, or properties, through statistical relationships between

predictor variables, whereby;
ScorSa=f(s,c,o0, 1, p, a n)+e.

In this instance a soil property (Sa) or a soil class (Sc) is predicted as a function of soil (s),
climate (c), organisms (0), relief (r), parent material (p), age (a) and spatial position (n), with

spatially correlated residuals (e) also incorporated (McBratney et al., 2003).

This thesis is not designed to develop novel approaches for DSM, nor will it provide detailed
reviews of the field with substantial resources already available in this area (McBratney et al.,

2003; Lagacherie, 2008; Zhang et al., 2017; Malone et al., 2017). Instead, it focuses on applying
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robust approaches of DSM as tools for quantifying different aspects of the soil resource, at
different scales, with different outcomes showcased in each chapter. The regional and farm
scale approach to DSM allows for the incorporation of local knowledge to inform the selection
of specific covariate, or predictor, variables within the ‘scorpan’ function. This thesis will
incorporate publicly available spatial covariates from four categories: terrain, radiometric,

geological and satellite (Table 3.3).

Climate data was not incorporated into models as rainfall follows the same trend and rate of
change along the east-west axis of the region as elevation, whereby, as elevation decreases in
a westerly direction rainfall also decreases. There is also little variation in average summer, or

winter, temperatures across the region (Table 3.1).

Throughout each of the following chapters different combinations of spatial covariates were
chosen as model predictors representative of specific factors. These covariates will consistently

be considered as terrain, satellite, geological and radiometric attributes (Table 3.3)

Terrain attributes include DEM; slope percentage, degree and relief; aspect; topographic
position index (TPI) class and mask; topographic wetness index (TWI); multi-resolution ridge
top flatness (MrRTF); and multi-resolution valley bottom flatness (MrVBF) (Table 3.3). These
were derived from the Shuttle Radar Topography Mission (SRTM) and accessed through both
the CSIRO Data Access Portal or by using the dataharvester package within R (Haan et al.,
2023).

Satellite attributes, excluding the Landsat 7 imagery utilised to develop clusters in this chapter,
refer to the barest earth dataset developed by Roberts et al. (2019) and was obtained through
the dataharvester package (Haan et al., 2023). The barest earth dataset was developed by
extraction noise reduced, cloud free estimates of barest state land from a combined 30 year
period of Landsat datasets (Roberts et al., 2019). The dataset includes the blue, green, red, NIR,
SWIR and SWIR2 wavelengths (Table 3.3).

Radiometric attributes refer to potassium (% K), thorium (ppm eTh), Uranium (ppm eU), ratios
of these and the total dose as presented by Minty et al. (2009) in their radiometric map of
Australia (Table 3.3). These products are the results of the Australia-Wide Airborne
Geophysical Survey which was back-calibrated and thus effectively levelled to the Atomic
Energy Agency’s radioelement datum (Minty et al., 2009). This data was obtained through the
dataharvester package also (Haan et al., 2023).
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The geological attribute incorporated throughout this thesis is the silica index developed by
Gray et al. (2016) (Table 3.3). To assist in selecting sample sites on private properties, and for
modelling in Chapter 5, proximally sensed, privately held, radiometric and electromagnetic

induction covariates were also used.
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3.7. Conclusion

The research chapters of this thesis will utilise the full dataset of this study, alongside the
within-field subset, in different ways to examine how soil properties vary at both the within-
field and valley-wide scale in the lower Murrumbidgee valley of southern NSW. External
factors throughout the duration of this project necessitated that plans for obtaining soil data
were robust and adaptable. Consequently, a purposive plan was implemented to account for the
main soil types under cotton production; a stratified random sampling plan was used to identify
sampling locations across the valley as a whole; and yield and proximally sensed data was used
to identify sampling sites within-field to examine the influence of soil properties on cotton
yield variability. The soil properties that are consistently referred to are texture (sand and clay
content), cation exchange capacity (CEC), electrical conductivity of the extract (ECe), pH and
exchangeable sodium percentage (ESP). While the applications of this data vary, the methods
through which it was obtained are consistent. These consisted of both traditional laboratory and
visible near infrared (VisNIR) spectroscopic methods. The latter were utilised to make
predictions of sand content and clay content due to the large sample size and time-consuming
nature of particle size analysis methods. Utilising spectra alongside cation exchange capacity
(CEC) cubist models predicting clay and sand content produced Lin’s Concordance Correlation
Coefficients (LCCCs) of 0.89 and 0.91, respectively, following a leave-one-site-out-cross-

validation (LOSOCYV).

This study aims to showcase how morphological and analytical methods can be applied to
increase understandings of inherent soil properties and their distribution within the lower
Murrumbidgee valley. The specific methods employed in the subsequent research chapters
reflects the desire of stakeholders to have increased information on the soil resource within this

region.
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Chapter 4

4. Morphological classifications of lower Murrumbidgee

valley soils
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4.1. Abstract

The lower Murrumbidgee valley in southern NSW exhibits diverse and highly variable soils
The distribution of these soils is linked to palacochannel systems. Previous classifications of
soil types within localised groups have been focused on earthy soils in the region’s east. Within
the west of the region, however, there is a prolific occurrence of red and grey clays in
association with these earths, as well as sands. This study morphologically described 153 soil
cores from across the lower Murrumbidgee valley to a depth of one metre. These descriptions,
alongside analytical data, were used to consider if the current soil groupings were
representative of the whole region or if a new classification was required. Based on the
dominance of clay soils it was decided to create a new classification. Soils were differentiated
based on colour, texture and the presence, or absence, of lime and gypsum. This classification
placed soil profiles in ten classes: Red-brown clays (n=16), Red-brown calcic clays (n=31),
Red-brown gypsic clays (n=10), Grey clays (n=17), Grey calcic clays (n=26), Grey gypsic
clays (n=7), Transitional earth soils (n=9), Texture contrast soils (n=6), Deep sands (n=3) and
exceptions, which did not fall into the prior nine classes but were still described (n=28). The
characteristics and distribution of each soil class is discussed at a regional level in relation to
palacochannel systems. The distinctness of morphological variability at the within-field scale
is shown through transects of sites sampled on, or adjacent to, two palacochannel systems. All
soil classes, including the exceptions, were placed in four broader groups: Red-brown clays,
Grey clays, Earths and Deep sands that were modelled and mapped across the lower
Murrumbidgee valley using a random forest classification model. While this model
appropriately identified the prolific occurrence of clays it underpredicted the sandier soil
groups. There was significant variability in measured soil electrical conductivity of the extract
(ECe) and exchangeable sodium percentage (ESP) within classes. Future research could,
therefore, increase the dataset size and seek to differentiate classes further on account of these

agriculturally important properties.
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4.2. Introduction

Understandings of inherent soil properties are vital in developing and maintaining sustainable
agricultural systems. The lower Murrumbidgee valley, in southern NSW, is known for its
agricultural productivity contributing over AUD §5 billion to the economy annually (MI,
2010). Soil surveys are valuable in evaluating land for agricultural production (Bouma, 1986),
and have underpinned the success of agriculture in the Murrumbidgee and Coleambally
Irrigation Areas, developed in the 1910s and 1960s, respectively. These surveys and soil type
descriptions, including the work of Taylor and Hooper (1938), van Dijk (1968, 1961), van Dijk
and Talsma (1964), Stannard (1970) and Butler (1979) identified 94 localised soil types that
were categorised into landscape associations and soil series. Beyond the bounds of these
irrigation areas, however, there is limited publicly available soil information. High variability
presents challenges in appropriately translating research, with landholders requiring further
information on their soils (Holland & Eastwood, 2014). Soil classifications may form a part of
the solution to this, with standardised descriptions reducing complexity and allowing for the

effective extension of knowledge.

The lower Murrumbidgee Valley is located centrally within the Riverine Plain and Murray
basin, an area described by Brown and Stephenson (1991) as fluviolacustrine. Four distinct
geological units of Cenozoic era sediments fill this basin to depths of up to 600 m (Brown,
1989; Pucillo, 2005). Diverse geomorphological studies of the surficial units, the Upper
Shepparton and Coonambidgal Formations, have examined the characteristics of, and
relationships between, the dominant fluviatile and secondary aeolian landscape influences,

with a geomorphic map produced by Butler et al. (1973).

The fluviatile sediments that fill the basin, and determine patterns of soil distribution, result
from palacochannel systems. These systems have been widely studied since first theorised by
Butler (1950) as an origin of soil formation (Bowler, 1978; Butler, 1958; Langford-Smith,
1960; Pels, 1964, 1966, 1971; Schumm, 1968). More recently, thermoluminescence sediment
dating and stream reconstructions allowed the delineation and description of four main
palacochannel systems within the last 100,000 years (Mueller et al., 2018; Page & Nanson,
1996; Page et al., 1996, Page et al., 2009). The primary reaches of these systems were mapped,
with each palaeochannel following unique watercourses and exhibiting estimated streamloads
up to eight times greater than the Murrumbidgee River (Page & Nanson, 1996; Page et al.,
2009). During periods of activity, younger systems would incise within sediments of previous

systems leading to new sediments being deposited atop the plain, before low-flow periods led
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to the aggradation of sands and coarse sediments within the streambed, before the cycle

repeated.

Excluding the aeolian influenced hillslopes (Butler, 1979) and western mallee landscapes
(Bowler & Magee, 1978; Mitchell, 2002; Wasson, 1989), the streamloads of palacochannel
systems determined the distribution of alluvial sediments across of the plain. Clay particles
(>0.002 mm), being much finer than sands (0.02-2 mm), remain in suspension longer, thus,
being carried further from river courses before being deposited. This formed the basis of
stratigraphic models and toposequences, such as those presented by Butler (1958) and
Langford-Smith (1960), whereby sandy streambeds containing coarse fragments are bounded
by deep, sandy levees, transitioning to texture contrast soils, transitional loams and lastly, heavy
clays, with this sequence occurring over 7-8 miles (11-13 km). Secondary aeolian action
through the remobilisation of streambed sands onto source bordering dunes and then across the

plain can also occur (van Dijk Talsma, 1946; Pucillo, 2005).

While theoretical toposequences and geomorphic maps have formed the basis of understanding
soil distribution, the relationships become more complex in the west of the region which
Murphy et al. (2000) described as a mosaic. This is the result of deltaic-like, often terminal,
palacochannel anabranch fans incising within clays without altering landscape features. As a
result, these are difficult to detect. A lack of soil surveys in the region’s west adds to difficulty
in understanding this variability. The main aeolian feature is, ‘parna’, an earthy, homogenous,
calcareous sediment that mantles the landscape in the east but is absent as a discernible sheet
in the west (Butler, 1958). A characteristic of these sediments is ‘subplasticity’, whereby the
texture becomes more clayey when worked (Cattle & Smith, 2018). Where this mantle is

present, variability of buried sediments may be masked.

The current understanding of the region’s soils is primarily limited to within developed
irrigation areas. This is despite the region having a rich history of research extending for over
a century. Along with the identification of 94 local soil types, significant agronomically focused
soils research has occurred. A bibliography on soils of the region collated by Lang and Hicks
(1975) includes references to over 500 reports relating to the region’s soils over the preceding
40 years. Despite this breadth of work, much of it has not been digitised and is not publicly
available. As a result, there is a paucity of reliable data beyond basic soil descriptions.
Hornbuckle and Christen (1999) reviewed historical research from the region through
accessing 691 references relating to soils contained within published and unpublished

databases. The 94 soil types identified within the east of the area were placed into six soil
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groups, with further subgroups where required, primarily based on soil hydrological properties
and texture. This work was expanded upon through two further editions (Hornbuckle et al.,
2008b; Thacker et al., 2008) incorporating the neighbouring Murray Valley which shares
similar characteristics to the south and west of the lower Murrumbidgee valley. Despite this,
there are subgroups presented where no soil data was available (Hornbuckle et al., 2008b;

Thacker et al., 2008).

This study sought to morphologically describe and then classify 153 soil cores extracted to a
depth of 1 m from across the lower Murrumbidgee valley. In doing this, an assessment will be
made on if the presently developed regional soil classes are appropriate for soils from across
the entirety of the region. The distribution of these classed soils, at both a regional and localised
scale will be discussed through the lens of the more widely researched geomorphological

features.

4.3. Materials and methods

4.3.1. Soil sampling

This study utilised the 153 soil cores described as the ‘full-dataset’ in Chapter 3 of this thesis.
In brief, at each sampling point soil cores were extracted to a depth of one metre using a vehicle
mounted hydraulic corer. Once collected, soil cores were packaged whole and transported to
the laboratory for analysis. At each sample site, notes were recorded on the surface condition
and surrounding landscape. The coordinates of each core location were recorded using a

Garmin GPSMAP 66s handheld GPS.

4.3.2. Morphological description of soils

Once in the laboratory, soil cores were unpacked and morphologically described prior to being
dried and ground. This process involved splitting soil cores to reveal a ‘more natural’,
unsmeared face. Each soil core was then horizonated based primarily on soil colour, texture
and, where possible, structure. The soil colour was determined on ‘moist’ soil using the Munsell
Color book (Munsell Color, 2010), with the dominant and subdominant (where present) colour
recorded for each horizon. Observations were made on the presence and depth of coarse
fragments (particles >2 mm), pedogenic segregations such as lime and gypsum and observable

signs of waterlogging through mottling. Descriptions of these features and sub-dominant soil
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colours followed the guidelines of the ‘Australian Soil and Land Survey Field Handbook’
(NCST, 2009).

4.3.3. Laboratory analysis of soil samples

The laboratory processes undertaken in this study, including predictions of soil texture using
spectroscopy data, are described in chapter 3 of this thesis. Consequently, only a summary is

provided here.

Once morphologically described, soil cores were subsampled into five depth increments (0-
0.1, 0.1-0.3, 0.3-0.6, 0.6-0.8 and 0.8-1 m) which were air-dried and ground to pass through a 2
mm sieve. Soil Electrical Conductivity (EC) and pH for all samples were measured in a 1:5
soil to water solution using a S230 Conductivity meter and SevenCompactTM s220 pH/Ion
meter, respectively. A conversion factor was used to convert soil EC to soil ECe (electrical
conductivity of the extract) based on the texture grade of each sample. The exchangeable
calcium, magnesium, potassium, sodium and cation exchange capacity (CEC) was determined
through the 15C1 method of Rayment and Lyons (2011) for all samples (n=764). Collected
data allowed for the determination of the exchangeable sodium percentage (ESP) and calcium

to magnesium ration (Ca:Mg).

All samples (n=764) were scanned using a contact probe on an ASF Agrispec
spectrophotometer (Malvern Panalytical, Boulder, Co, USA). Data was then processed and K-
means clustering used to identify representative subsamples to undertake particle size analysis
on. In undertaking this analysis, the pipette method (Glendon & Or, 2002) was used to
determine the particle size analysis of 205 samples. Utilising this data alongside CEC data and

VisNIR spectra, a cubist model was built to predict sand and clay content for all samples.

4.3.4. Classification of soils within morphological groups

Once morphological and analytical data was obtained, it was assessed to consider how soils
could be classed. Upon considering the previous soil groupings of Hornbuckle and Christen
(1999) (Table 4.1) alongside the NSW Digital soil map, which classifies approximately 70%
of the region as Vertosols (Gray, 2023), it was decided to develop a new, regional classification
scheme that focused on clay soils. This was primarily because this study included areas in the
west of the region where heavy clays are prolific. In contrast, previous work including surveys

(van Dijk & Talsma, 1964; Butler, 1979), focused on the east of the study area, where hillslope
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soils or Red-brown earths are dominant. A bifurcating classification key incorporating the
findings of this study was created to assist in this process. Each of the soil classes was then
classified to the Subgroup level of the Australian Soil Classification (ASC) using the average
data for each class (Isbell & NCST, 2021).

Table 4.1. The six broad soil groups first categorised by Hornbuckle and Christen (1999) with
descriptions of the topsoil, subsoil and deep subsoil as well as the generalised ASC classification.

Soil group
Feature Self-mulching Hard- Red- Transitional ~ Sands over Deep
clays setting brown red-brown Clay sands
clays earths earths
Clay Loam-clay Loam- Loam-clay Sand- Sand
Topsoil sandy loam loam,
loam cemented
Depth (m) 0.05-0.15 <0.05 0.1-0.25 <0.1 0.25-1 >]
Heavy clay, Heavy Heavy Heavyclay = Mottled Mottled
lime clay clay medium clay
Subsoil clay sand —
light
clay
Medium clay, Medium Sandy Medium Medium Light
concretionary  clay, clay, often  clay, clay, can clay
Deep subsoil  lime crystalline micaceous crystalline be sandy
gypsum gypsum at depth
common common
ASC Vertosol Sodosol Chromosol Chromosol Chromosol Rudosol
classification

4.3.5. Modelling and mapping of soil groups

The modelling and mapping of soils in this chapter is used only as a tool to visualise the
distribution of soil types across the area. A stack of spatial covariates previously extracted on
to a 90 m grid through resampling using the ‘bilinear’ method was assembled (Table 4.2).
Covariates were then removed due to collinearity (dose rate, barest earth green and barest earth
red), local landscape knowledge (MrVBF) and having an overall negative model impact (slope

(%).
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Table 4.2. Spatial covariates obtained for use in this analysis prior to the removal of slope (%), MrVBF
dose rate, barest earth green and barest earth SWIR 2. Covariates fall within different data categories
with the original resolution prior to resampling also shown. Note: 1 arc second corresponds to
approximately 30 m.

Data category Data layer Data source Original resolution
Terrain DEM (m) Gallant et al. (2011) 1 arc second
Slope (%) Gallant & Austin (2012a) 3 arc seconds
MrRTF Gallant et al. (2013) 3 arc seconds
MrVBF Gallant et al. (2012) 3 arc seconds
TWI Gallant & Austin (2012¢) 3 arc seconds
Radiometric  Dose rate Minty et al. (2009) 100 m
Uranium (ppm) Minty et al. (2009) 100 m
Potassium (%) Minty et al. (2009) 100 m
Thorium (ppm) Minty et al. (2009) 100 m
Geological Silica (%) Gray et al. (2016) 1:250,000
Satellite Barest earth blue Roberts et al., 2019 25
Barest earth red Roberts et al., 2019 25
Barest earth green Roberts et al., 2019 25
Barest earth NIR Roberts et al., 2019 25
Barest earth SWIR Roberts et al., 2019 25
Barest earth SWIR 2 Roberts et al., 2019 25

Utilising the remaining spatial covariates, two random forest classification models were built
using the ‘randomForest’ package within R (Liaw & Wiener, 2002; R Core Team, 2023). The
first modelled the nine individual soil classes (exceptions class excluded) while the second
placed each of the 10 soil classes (exceptions class included) into four broader groups: Red-
brown clays, Grey clays, Earths and Deep sands. Model validation occurred through a leave-
one-site-out-cross-validation (LOSOCV) whereby the model is built on n-1 sites before being
predicted at the omitted site. The statistics for both models were assessed. The higher quality

model was predicted onto a 90 m grid of the study area producing a soil class map.

4.3.6. Localised distribution of soil classes

Utilising available geomorphological and landscape resources from Butler (1958), Langford-
Smith (1960), van Dijk and Talsma (1964), Butler et al. (1973), Page and Nanson (1996) and
Page et al. (2009) the influence of palaeochannel systems on soil distribution was examined.

This involved the identification of two sites located on, or adjacent to, differently characterised
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palacochannel systems. These sites are two of those described in the ‘within-field subsets’

section of Chapter 3.

In summary, the first site, ‘Farm A’, is located approximately 18 km northwest of Hay. A
paddock was identified which contained a palacochannel streambed incised into heavy clays.
These terminal palacochannel beds are believed to be associated with the Gum Creek system
which is estimated to have been active between 35-25 ka (Page & Nanson, 1996). This
streambed is defined as an ‘undefined stream trace’ with ‘broad deposition patterns visible’
within a ‘scalded plain’ by Butler et al. (1973). Eight soil cores were extracted to identify the
extent of morphological variability within this 82 ha field.

At the second site, ‘Farm C’, located 12 km southwest of Darlington Point and 39 km southwest
of Griffith, a cluster of soil cores was taken adjacent to the Waddi River Ridge (van Dijk &
Talsma, 1964). This ridge is located upstream on the Waddi Reach of the Kerarbury
paleochannel system (Page et al., 2009; van Dijk & Talsma, 1964) and can be considered as a
source bordering dune developed on the palacochannel system levee with an elevation
approximately 2 m above the surrounding landscape. At a site nearby it was estimated that this
reach had a width of 220 m and bankfull discharge (streamload) 8 times greater than the present
Murrumbidgee River (Page & Nanson, 1996). At this site, 18 soil cores were extracted from a

94 ha paddock with a further five cores taken on or south of the adjacent Waddi River Ridge.

Utilising this data, schematic transect diagrams to a depth of 1 metre were developed to

showcase trends in soil texture and pedogenic features at the within-field scale.

4.4. Results

4.4.1. Creation of soil classes, their characteristics and the classification key

A morphological approach using soil texture and profile descriptions was employed to describe
each soil core. Upon an assessment of this data, a new classification with ten soil classes was
developed. Soil profiles were initially grouped based on texture before being further
differentiated. Once the variety of soils was understood, a classification key was developed to
assist with this process, where each profile is placed in first class that it meets the qualifying
criteria for (Figure 4.1). This key, and the classes therein, was developed on account of the
prolific nature of clay soils within the region. The number of soil classes was decided upon to
appropriately recognise morphological variability while not overclassifying the relatively small

sample size (n=153).
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As well as texture, soil colour and the presence of lime and/or gypsum was used to differentiate

classes further. Consequently, each of the examined soil cores was placed within one of 10

classes:

98

Red-Brown clays; soils with >35% clay throughout the first metre of the soil profile
where the dominant colour is red or brown and no lime or gypsum is present,
Red-Brown calcic clays; soils with >35% clay throughout the first metre of the soil
profile where the dominant colour is red or brown, lime is present at any depth and
gypsum is absent,

Red-Brown gypsic clays; soils with >35% clay throughout the first metre of the soil
profile where the dominant colour is red or brown and gypsum is present. Lime may
also be observed,

Grey clays; soils with >35% clay throughout the first metre of the soil profile where the
dominant colour is grey and no lime or gypsum is present,

Grey calcic clays; soils with >35% clay throughout the first metre of the soil profile
where the dominant colour is grey, lime is present at any depth and gypsum is absent,
Grey gypsic clays; soils with >35% clay throughout the first metre of the soil profile
where the dominant colour is grey and gypsum is present. Lime may also be observed,
Texture contrast soils; Soils with a sandy or loamy textured surface horizon that is
greater than 0.1 m thick showcasing a strong texture contrast with a clear, sharp or
abrupt boundary to the underlying clay subsoil,

Transitional earth soils; Soils with a sandy or loamy surface horizon less than 0.1 m
deep exhibiting a strong texture contrast with a clear, sharp or abrupt boundary to the
underlying clay horizons,

Deep sands; soils with <10% clay throughout the first metre of the profile with the
exclusion of the surface soil, and,

Exceptions; these are soils which do not fall within any of the above classes.



Chapter 4 — Soil Morphology

<70% clay throughouttop metre of soil profile D ee p san d

Texture contrast*between top and subsoilwhere
the upper, sandierlayer <10 cm thick

Transitional earth

Texture contrast*between top and subsoilwhere the
upper, sandierlayer >10 cm but <30 cm thick

Texture contrast soil

>35% clay throughouttop
fnetre of soil profile

Clays

Dominant colour
red-brown”

Profile contains gypsum

Red-brown gypsic clay

Profile contains lime

Red-brown calcic clay

Red-brown clay

Dominant colour grey™

Profile contains gypsum

Grey gypsic clay

Profile contains lime

Grey calcic clay

Grey clay

Exception

Figure 4.1. The classification key employed to class soil profiles in this study. A soil profile is placed
in the first class, e.g. Deep sand, where the criteria is met. *The texture contrast criteria are explained
in-text. "Soil colour was determined using the moist Munsell colour with soils categorised as red,
brown or grey based on the Australian Soil Classification (Isbell & NCST, 2021).
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4.4.1.1.  Deep sands
Deep sand soils were categorised based on containing <10% clay throughout the observed

profile. Soils within this group are considered as Arenosols within the ASC (Isbell & NCST,
2021).

4.4.1.2.  Transitional earth soils
Soils within the Transitional earth class contain an overlaying sandy or loamy textured horizon
<0.1 m thick with a clear, sharp or abrupt boundary to a more clayey underlying horizon
(Hornbuckle et al., 2008b; Isbell & NCST, 2021). If the overlaying horizon contains less than
20% clay, the underlying horizon must have a minimum clay content of 20% and be twice as
high as the overlying horizon (Isbell & NCST, 2021). Alternatively, if the overlying horizon
has a clay content between 20% and 35% the underlying horizon must show an increase of at

least 20% clay (Isbell & NCST, 2021). There are no colour requirements for this class.

4.4.1.3.  Texture contrast soils
Soils within the Texture contrast class exhibit the same characteristic as the previously
described transitional earths, however, for texture contrast soils the overlaying sandy or loamy

horizon is between 0.1 m and 0.3 m thick.

4.4.1.1.  Clays
Soils were categorised into six classes within the broader clay group as opposed to the two
presented by Hornbuckle et al. (2008b). These are; Red-brown clays; Red-brown calcic clays;
Red-brown gypsic clays; Grey clays; Grey calcic clays, and Grey gypsic clays. Clay soils
within each of these groups were first differentiated from other classes on the basis of their clay
content exceeding 35% throughout the first metre of the profile, with the exclusion of the top
50 mm of soil (Isbell & NCST, 2021). The hardsetting clays of Hornbuckle et al. (2008b) may
fall within these classes, however, have not been explicitly categorised. Once placed in this
broader group, soils were differentiated based on the dominant colour class being grey or
red/brown (Isbell & NCST, 2021). Finally, based on the occurrence of lime or gypsum at any
point within the one metre soil core, samples were classified as calcic or gypsic (either red-

brown or grey), respectively. Where profiles included both lime and gypsum they were classed
as gypsic.

4.4.1.2. Exceptions
Soil cores examined which did not fall within the previously described categories have been

noted as exceptions in this study. While there are trends observed within these profiles, they do
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not occur widely within the region and, thus, do not necessitate a further differentiation from a
classification perspective. They have, however, still been described. Soils within this
classification may include uniformly textured soils with >10% but <35% clay content

throughout the profile, buried soils or soils that become sandier at depth.

4.4.2. Classification of soils within classes and common morphological features

With the exclusion of 28 samples, identified as ‘exceptions’, all soil profiles were placed within
one of the nine pre-defined classes within four broader soil groups (Table 4.3). The majority
(n=107) of the 153 soil cores examined were classified as clays with the remainder classed as
Texture contrast soils (n=6), Transitional earths (n=9) and Deep sands (n=3). In many instances
soils within the exceptions category exhibited similarities to soils within the ‘Earths’ group,
however, there is not sufficient texture differentiation to fall within either the Transitional or
Texture contrast classes. With the exclusion of the exceptions, exemplar soil cores for each of
the soil classes are shown to a depth of 1 m (Figure 4.5). Each soil class was also classified
using the Australian Soil Classification (ASC) to the Subgroup level (Table 4.3) (Isbell &
NCST, 2021).

Table 4.3. The nine soil classes, and exceptions, placed within four broader soil groups. Shown is the

number (n) of profiles within each class. The ASC classification to Subgroup level is also provided
utilising average measurements for each class (Isbell & NCST, 2021).

Soil Group Class n  Australian soil classification (ASC) equivalent
Red-brown Brown clays 16 Episodic Epipedal Grey Vertosol
clays

Red-brown calcic clays 31 Endocalcareous Epipedal Grey Vertosol

Red-brown gypsic clays 10 Gypsic Epipedal Grey Vertosol

Grey clays Grey clays 17 Episodic Epipedal Grey Vertosol
Grey calcic clays 26 Epihypersodic-Endocalcerous  Epipedal  Grey
Vertosol
Grey gypsic clays 7  Episodic-Gypsic Epipedal Grey Vertosol
Earths Transitional soils 9  Sodic Dystrophic Brown Chromosol
Texture contrast soils 6  Dystrophic Subnatric Brown Sodosol
Sands Deep sands 3 Basic Palic Brown Arenosol
Exceptions 28 N/A

Within each description of these soil classes the categorisation of attribute values for pH,
salinity (ECe), sodicity (ESP) and CEC follow those of Hazleton and Murphy (2007). When
describing trends with depth, the ‘surface horizon’ relates to 0-0.15 m, the “upper subsoil’ 0.15-

0.6 m and the ‘lower subsoil’ 0.6-1 m.
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In describing the morphology of each soil core there are commonalities regarding the presence

and characteristics of lime, gypsum and subdominant colours.
Lime

Pedogenic lime, that being lime formed in-situ, was observed in three main forms within the
examined soil profiles (Figure 4.2). Firstly, lime may be present as veins running vertically
through the soil profile along bio- or macro- pores with sharp boundaries against the adjacent
soil particles. These veins are most common in the heavier clay soils below 0.5 m. The second
observed form of lime was nodular (Figure 4.2), with individual nodules observed up to a width
of 15 mm. Where lime is present higher in the soil profile (<0.6 m) nodules are the most
common pedogenic form, with smaller nodules generally occurring at shallower depths. The
third form of lime noted in this study was diffuse pedogenic segregations. These segregations
were observed to only occur in depths >0.7m and are softer than the nodular or vein forms. In
many instances soil profiles would contain multiple forms of lime, for instance, smaller nodules
higher in the profile (0.5-0.7 m) with diffuse pedogenic, potentially crystalline, carbonates

observed below 0.9 m.
Gypsum

Gypsum in clay soils occurred at depths >0.8 m and was crystalline in nature (Figure 4.3).
Gypsum was not observed in non-clay soil classes. Individually these lath-like crystals were
medium in size, up to 5 mm, with one grouping of these crystals occupying approximately 0.1
m of the profile below 0.9 m in one core. Where both gypsum and lime were observed in the
soil profile, the presence of gypsum was generally at a greater depth than lime. There are,
however, instances where crystalline gypsum occurs adjacent to diffuse pedogenic segregations
of lime as observed in the Red-brown calcic clay profile (Figure 4.5). In this instance, nodular
lime was also observed within the soil profile below 0.35 m but above the depth where gypsum

was present.
Subdominant soil colour

Two primary forms of subdominant soil colours were observed that were unrelated to mottling
(Figure 4.4). In both instances the contrast between the dominant and subdominant colours is
prominent with clear or sharp boundaries. The first form of subdominant colours occurs
vertically through the soil in connected pore spaces or root channels. The presence of these root
channels and their interaction with the surrounding soil particles results in the oxidation of iron,

resulting in a reddish colour, along the channel (Figure 4.4). An alternate theory for this
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occurrence is that the red colouration is a result of rubified sand grains filling previously open

soil channels and pore spaces.

The second instance is where a subdominant colour is observed as a transition between two
horizons of different colours (Figure 4.4). Such changes are common in the region, frequently
occurring in clay soils at depths >0.7 m. Where soil colour changes from grey to red in the
subsoil it suggests the deposition of younger alluvial material atop an older, buried profile.
Observed in Figure 4.4 is such a change, whereby the upper horizons are grey in colour with a
reddish hue becoming dominant from 0.75 m. More analysis, however, is required to examine

the pedological features of the buried soil below 1 m to comment on this further.

Figure 4.2. Three morphologically distinct occurrences of lime within the soils described in this study.
A) Veins of lime throughout the profile in bio- or macro-pores, B) Nodules of lime varying in sizes up
to a width of 0.015 m, as pictured in this instance, and, C) Diffuse pedogenic segregations of lime
most commonly occurring below 0.7 m.
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.

Figure 4.3. An example of crystalline gypsum occurring at a depth of 0.8 m in a Grey clay with a
subdominant greyish brown colour also present at depth.

Figure 4.4. Two examples of instances of subdominant soil colours unrelated to waterlogging. Left) a
redder hue is present in bio- or macro-pores. Right) There is a sharp contrast between colours
proceeding an eventual change. In this instance, the dominant colour of the upper subsoil soil, grey,
becomes subdominant.

104



Chapter 4 — Soil Morphology

Depth

(m)

Illlllllll

oo Baid ol Bl e s b e mavsl beisnsnn scaanssnss)

0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1

Figure 4.5. Exemplar soil cores to a depth of 1 metre for each of the nine classified soil classes
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4.4.3. Clays

Of the 153 profiles examined within this study 107 are classed as clays. Within this grouping,
57 are calcic, either Red-brown or Grey. Clays of both colours occur throughout the region,
however, a higher proportion of clays in the west-southwest are grey (Figure 4.6). In contrast,
the majority of clays in the region’s north are ged-brown (Figure 4.6). There is no clear east-
west trend for calcic clays of either colour (Figure 4.6). For all six clay groups, soils are light,
medium or heavy clay in texture throughout the profile with the exclusion of the surface 50
mm. There is limited capacity to observe structure within soil cores with a diameter of 40 mm.
Consequently, when considering the categorisation of these soils within the Australian Soil
Classification (Isbell & NCST, 2021) it is possible some profiles would be considered
Dermosols instead of Vertosol. Within each clay class there is significant variability in

measured salinity (ECe) and sodicity (ESP).

Balranald

Legend

@ Red-Brown clays

A Red-Brown calcic dlays
@ Red-Brown gypsic clays
@ Grey clays

A Grey calcic days

@ Grey gypsic clays

Murrumbidgee Irrigation Area 0 25 50 75 100 km
[ Coleambally Irrigation Area | . 20202022 |

Figure 4.6. The location soil cores classed as clays throughout the study area. Soils are more

commonly grey in the west-southwest of the area while north of Hay red-brown clays are most
prevalent.

4.4.3.1.  Red-brown clays

Sixteen soil profiles were classified as Red-brown clays. While no soils examined in this study
were distinctly red, the class has not been reduced to ‘Brown clays’ on the basis that red

coloured clays are likely present more broadly and red horizons were observed. Unlike the
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calcic or gypsic Red-brown clays, lime or gypsum is not present in the top 1 m of these soils.
Soils within this class occur across the plain, (Figure 4.6) and may exhibit signs of waterlogging
(n=7), subdominant colours in the lower subsoil (n=11) and/or coarse fragments (n=5). The
observation of coarse fragments is more common in the region’s west. Soils in this class are
most commonly brown, strong brown or yellowish brown. Red or reddish-brown horizons were
also present. In the east, soils may exhibit a greyish-brown surface horizon (<0.1 m). Profiles
may exhibit a colour change, becoming greyish brown, olive brown or grey in the lower subsoil
(>0.8 m). In these instances, the dominant colour within the upper horizons, brown-strong

brown or yellowish brown, is still present as a subdominant colour.

The clay content increases slightly from the surface (mean=47%) to lower subsoil
(mean=51%), as does CEC, which ranges from low (6-12 cmol(+)/kg) to high (25-40
cmol(+)/kg). These soils are alkaline, trending from neutral or slightly basic at the surface to

strongly basic in the lower subsoil.

There is significant variability in the measured ECe and ESP of the Red-brown clays. High
(ECe 8-16) or extreme (ECe>16) salinity is seen in the lower subsoil. Soils may also be strongly
sodic (ESP>14) in the upper subsoil as well as the lower subsoil. The occurrence of high or

extreme salinity, and strong sodicity, is seen only in Red-brown clays in the west of the region.
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Table 4.4. Summary statistics for 16 profiles classified as Red-brown clays. Displayed are the minimum,
mean and maximum values for clay content, sand content, pH, ECe, CEC, ESP and the calcium to
magnesium ratio (Ca:Mg).

Depth Clay Sand pH ECe CEC ESP Ca:Mg
(m) (%) (%) (dS/m)  (cmol(+)/kg) (%)

0-0.1 Min 28 19 6.3 0.70 10 0.8 0.59
Mean 47 32 7.5 1.93 19 7.1 1.27
Max 58 57 8.5 5.38 23 26.3 2.02
0.1-0.3 Min 34 22 6.9 0.45 15 1.2 0.63
Mean 48 29 7.9 4.99 20 11.9 1.15
Max 58 42 9.0 24.9 26 38.1 2.16
0.3-0.6 Min 34 15 6.6 0.04 16 2.26 0.62
Mean 51 28 8.3 5.90 23 15.2 1.14
Max 59 43 8.9 37.2 28 35.6 1.94
0.6-0.8 Min 39 17 7.2 0.04 20 2.28 0.63
Mean 52 26 8.4 7.65 25 15.8 1.24
Max 62 40 9.1 49.1 30 35.5 241
0.8-1 Min 38 14 7.3 0.02 18 2.36 0.75
Mean 51 27 8.3 7.76 25 14.9 1.40
Max 60 38 9.0 37.0 35 32.5 2.38

4.4.3.2.  Red-brown calcic clays
Thirty-one soils are classified as Red-brown calcic clays, differentiated from the Red-brown
clays due to the presence of lime within the first metre of the soil profile. Where lime occurs at
depths <0.6 m, it appears as hard nodules whereas below this depth it may occur in veins, as
segregations or as larger nodules. These soils are distributed across the plain, often occurring
in close proximity to Red-brown clays, Red-brown gypsic clays and Transitional earths classes
(Figure 4.6, Figure 4.8). Soils in this class may exhibit waterlogging (n=6), mottling or

subdominant soil colours in the lower subsoil (n=25) and/or coarse fragments (n=5).

The dominant colour of Red-brown calcic clays ranges from brown or dark brown to red or
reddish-brown, with variability occurring between horizons throughout the profile. In limited
instances, some observed horizons are dark yellowish brown. In the lower subsoil the dominant
soil colour may change to become greyish brown or grey. The surface soil may also be greyish

brown (n=4) overlaying brown or dark brown horizons.

Red-Brown calcic clays are more basic than the other classes within the Red-brown clay group,
with slight alkalinity at the surface that increases with depth (mean = 8.7). Trends in CEC and

clay content mirror those described for the Red-brown clay group. Some Red-brown calcic
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clays exhibit extreme salinity (ECe>16) from the upper subsoil, becoming more common in
the lower subsoil, and strong sodicity (ESP>14) throughout the first metre of the soil profile.

Consequently, ‘average’ soils in this class can be considered marginally sodic to sodic.

Table 4.5. Summary statistics for 31 profiles classified as Red-brown calcic clays. Displayed are the
minimum, mean and maximum values for clay content, sand content, pH, ECe, CEC, ESP and the
calcium to magnesium ratio (Ca:Mg).

Depth Clay Sand pH ECe CEC ESP Ca:Mg
(m) (%) (%) (dS/m)  (cmol(+)/kg) (%)
0-0.1 Min 32 22 6.3 0.72 10 0.6 0.58
Mean 45 35 7.7 1.40 19 5.9 1.34
Max 56 52 8.7 3.28 29 17.1 2.25
0.1-0.3 Min 36 24 5.5 0.85 11 0.9 0.58
Mean 49 33 8.1 2.93 20 9 1.27
Max 39 48 9.1 16.3 30 31.8 1.98
0.3-0.6 Min 36 15 7.7 0.82 11 0.9 0.50
Mean 51 29 8.6 4.22 24 12 1.15
Max 60 49 9.4 24.3 30 37.9 1.87
0.6-0.8 Min 37 18 7.6 0.84 11 0.6 0.75
Mean 51 28 8.7 8.08 25 12.1 1.38
Max 61 49 9.7 39.2 39 30 5.66
0.8-1 Min 35 19 7.5 0.83 9.0 0.2 0.67
Mean 49 29 8.7 8.37 23 12.2 1.38
Max 57 50 9.8 39.6 32 28.6 2.27

4.4.3.3.  Red-brown gypsic clays
Ten examined soil profiles are classified as Red-brown gypsic clays. As well as exhibiting
gypsum, eight of these profiles contain lime in the subsoil. Where present, lime most commonly
occurs as nodules rather than pedogenic segregations and is at a shallower depths than the
gypsum. The lath-like crystals of gypsum were observed individually and in grouped
segregations, the latter more common in the lower subsoil. Soils within this class are distributed
across the plain and often occur in association with Red-brown calcic clays (Figure 4.6).
Within this class, profiles can also contain coarse fragments at any depth (n=4) while mottling
or subdominant colours in the lower subsoil are common, the former suggesting susceptibility

to waterlogging.

Red-brown gypsic clays are brown, dark brown, strong brown, reddish-brown or red

throughout the profile. The dominant soil colour frequently changes between horizons. In the
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lower subsoil light yellowish brown, grey or greyish brown mottles, or subdominant colours,

arc common.

Soils profiles within this class are neutral-to-slightly alkaline at the surface and are most basic
in the upper subsoil (mean=8.7). Similar to the previously described Red-brown clay classes,
profiles may be strongly sodic (ESP>14) and are most sodic in the upper subsoil (mean =15.6)
or from 0.6-0.8 m (mean=16.3). One profile, located in the west of the region, exhibits extreme
salinity (ECe>16) in the lower subsoil. Both clay content and CEC increase from the surface
to depth, with three profiles exhibiting a very high CEC (>40 cmol(+)/kg) in the lower subsoil.
Table 4.6. Summary statistics for 10 profiles classified as Red-brown gypsic clays. Displayed

are the minimum, mean and maximum values for clay content, sand content, pH, ECe, CEC,
ESP and the calcium to magnesium ratio (Ca:Mg).

Depth Clay Sand pH ECe CEC ESP Ca:Mg
(m) (%) (%) (dS/m)  (cmol(+)/kg) (%)

0-0.1 Min 35 27 6.5 0.62 12 1.0 0.50
Mean 47 32 7.4 1.30 20 4.5 1.16
Max 56 50 8.4 2.04 26 7.8 1.69
0.1-0.3 Min 47 21 7.2 0.74 20 3.0 0.54
Mean 52 26 8.3 2.10 24 10.2 1.10
Max 56 37 9.0 5.97 27 18.5 1.83
0.3-0.6 Min 45 12 7.1 0.78 18 7.2 0.58
Mean 51 25 8.7 4.19 24 15.6 1.00
Max 56 34 9.3 15.0 28 26.9 1.34
0.6-0.8 Min 44 16 7.1 1.05 21 8.3 0.55
Mean 53 25 8.5 6.80 25 16.3 1.18
Max 59 33 9.3 28.4 31 31.8 1.97
0.8-1 Min 42 1 6.2 1.12 21 3.4 0.93
Mean 54 20 8.0 12.5 33 11.7 2.22
Max 63 27 9.4 34.5 53 229 5.12

4.4.3.4.  Grey clays
Seventeen soil profiles are classified as Grey clays on account of their grey colour and the
absence of lime or gypsum at any point within the first metre of the soil profile. Soils in this
class occur across the region, often in close association with grey calcic or gypsic clays as well
as in a mosaic with all classes of Red-brown clays (Figure 4.6). Coarse fragments were

observed in one profile, while mottling or subdominant colours occurred in four profiles.
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The most common dominant colours were grey, dark grey or dark greyish brown with these
colours often occurring in association with each other. Two profiles exhibited a change to light
olive brown or light yellowish brown below 90 cm in the lower subsoil, while one profile had

a greyish brown surface soil.

Grey clays showcase minimal variability in clay content from the surface (mean=49%) to lower
subsoil (mean=53%) while mean CEC (cmol(+)/kg) increased from 19 to 26 across these
depths (Table 4.7). There is variability in the pH of these profiles, with a slight trend from
neutral-to-mildly alkaline at the surface (mean=7.4) to moderately alkaline in the lower subsoil
(mean=8.5) (Table 4.7). Two profiles, however, are moderately acidic (5.6-6.0) to neutral (6.6-
7.3) throughout the profile. Strong sodicity (ESP>14) is common in grey clays, with a
maximum ESP of 48.3% observed in the lower subsoil of a profile in the region’s west (Table

4.7). Grey clays may be extreme saline (ECe>16) in the lower subsoil.

Table 4.7. Summary statistics for 17 profiles classified as Grey clays. Displayed are the minimum, mean
and maximum values for clay content, sand content, pH, ECe, CEC, ESP and the calcium to magnesium
ratio (Ca:Mg).

Depth Clay Sand pH ECe CEC ESP Ca:Mg
(m) (%) (%) (dS/m)  (cmol(+)/kg) (%)

0-0.1 Min 32 23 6.0 0.30 12 0.9 0.44
Mean 49 32 7.4 1.83 19 6.6 1.40

Max 61 51 9.0 9.88 25 23.8 2.63

0.1-0.3 Min 45 17 6.8 0.02 15 0.9 0.39
Mean 54 27 7.8 3.02 23 12.5 1.22

Max 64 43 9.7 20.0 30 34.6 2.03

0.3-0.6 Min 43 12 6.3 0.26 13 1.0 0.36
Mean 54 26 8.1 7.42 24 17.5 1.15

Max 63 38 9.9 37.1 31 40.0 2.07

0.6-0.8 Min 39 17 6.1 0.28 13 0.9 0.32
Mean 54 26 8.2 8.82 25 214 1.02

Max 64 44 9.5 37.7 31 45.5 1.98

0.8-1 Min 42 18 6.8 0.71 13 2.2 0.34
Mean 53 25 8.1 12.2 26 21.0 1.37

Max 63 38 9.5 35.0 43 48.3 5.00

4.4.3.5.  Grey calcic clays
A total of 26 profiles are classified as Grey calcic clays, differentiated from the Grey clay class

based on the presence of lime, and from Grey gypsic clays on the absence of gypsum in the top
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metre of the profile. Lime can be present in the upper subsoil but is more prevalent in the lower
subsoil. When occurring higher in the profile, the most common form of lime is as hardened
nodules. As depth increases, lime occurring in veins or as pedogenic segregations is more
common. Grey calcic clays may contain coarse fragments (n=10), subdominant soil colours in

the lower subsoil (n=16) and/or signs of waterlogging (n=7).

The most common colour throughout the soil profile is grey, with combinations of greyish
brown, dark grey or dark greyish brown noted. One profile exhibited a greyish brown surface

soil while two profiles exhibited a light olive brown colour in the lower subsoil.

A similar trend of moderate increases in clay content and CEC, as has already been described
for Grey clays, was observed. One soil profile located on undisturbed land near Balranald,
however, contains a significantly higher CEC in the lower subsoil (mean = 68.5 cmol(+)/kg)
(Table 4.8). Soils within this class trend from being neutral or slightly acidic at the surface
(mean pH=7.4) to moderately or strongly alkaline in the lower subsoil (mean pH=8.5) (Table
4.8). Strong sodicity (ESP>14) is common within and below the upper subsoil (Table 4.8), with
a greater concentration of sodic soils in the region’s west. While average salinity (ECe) is below
the extreme threshold (ECe>16) at all depths, five profiles exceed this limit at some point. Each

of these profiles are found in locations that have never been cleared or irrigated.
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Table 4.8. Summary statistics for 26 profiles classified as Grey calcic clays. Displayed are the minimum,
mean and maximum values for clay content, sand content, pH, ECe, CEC, ESP and the calcium to
magnesium ratio (Ca:Mg).

Depth Clay Sand pH ECe CEC ESP Ca:Mg
(m) (%) (%) (dS/m)  (cmol(+)/kg) (%)

0-0.1 Min 19 22 6.4 0.55 8.0 0.6 0.33
Mean 47 34 7.4 2.05 18 5.8 1.34

Max 60 59 8.8 13.1 24 19.1 3.33

0.1-0.3 Min 36 18 6.1 0.55 10 0.9 0.33
Mean 50 31 7.8 3.22 20 10.6 1.30

Max 63 63 9.0 25.1 29 34.5 4.23

0.3-0.6 Min 33 18 6.9 0.77 11 0.8 0.29
Mean 52 28 8.3 5.60 22 15.6 1.20

Max 62 47 9.5 29.4 31 45.2 3.19

0.6-0.8 Min 37 17 7.0 1.12 16 1.0 0.37
Mean 53 27 8.5 7.75 25 17.2 1.41

Max 63 41 9.9 37.1 73 43.6 7.32

0.8-1 Min 38 10 7.1 0.66 14 1.1 0.76
Mean 52 27 8.5 10.5 27 15.3 1.82

Max 62 52 10 42.1 64 35.9 8.73

4.4.3.6.  Grey gypsic clays
Seven profiles were classified as Grey gypsic clays due to the presence of gypsum in the first
metre of the profile, with six of these also containing lime. Gypsum was present as either
individual lath-like crystals, more common above 0.8 m depth, or as segregated groupings of
crystals below 0.8 m. Observed lime was nodular, with nodule size commonly increasing with
depth. Within this class coarse fragments (n=4), subdominant colours (n=4) and mottling
suggesting waterlogging (n=2) were observed. Five of the seven soils in this class are located

among a cluster of sites approximately 15 km northwest of Hay (Figure 4.6).

All profiles have a dominant colour of grey or dark grey, with greyish brown and dark greyish
brown potentially occurring as subdominant colours. Two profiles exhibit brown horizons in
the lower subsoil (>0.8 m) where grey or dark grey transitions to become the subdominant

colour.

Excluding a slight increase from the surface (mean=52%) to upper subsoil (mean=58%) there
is minimal change in clay content throughout the profile (Table 4.9). Despite this, there is an
increase in the CEC from the surface (mean=22 cmol(+)/kg) to the lower subsoil (mean=37

cmol(+)/kg). Soils show, on average, a neutral (6.6-7.3) to mildly alkaline (7.4-7.8) pH
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throughout the profile (Table 4.9). All profiles exhibit extreme salinity (ECe>16) in the lower

subsoil (Table 4.9). Five profiles also surpass the threshold for strong sodicity (ESP>14) with

sodicity being greatest in the upper subsoil (mean=19.5).

Table 4.9. Summary statistics for seven profiles classified as Grey gypsic clays. Displayed are the
minimum, mean and maximum values for clay content (%), sand content (%), pH, ECe (dS/m), CEC
(cmol(+)/kg), ESP (%) and the calcium to magnesium ratio (Ca:Mg).

Depth Clay Sand pH ECe CEC ESP Ca:Mg
(m) (%) (%) (dS/m)  (cmol(+)/kg) (%)

0-0.1 Min 44 20 7.1 0.85 18 2.7 0.61
Mean 52 29 7.3 1.58 22 7.6 0.92

Max 65 34 7.5 2.23 25 139 1.10

0.1-0.3 Min 50 19 7.3 0.49 21 4.8 0.54
Mean 58 25 7.9 3.20 25 15.7 0.93

Max 70 32 8.8 5.73 28 23.8 1.43

0.3-0.6 Min 52 21 6.7 1.53 22 7.9 0.55
Mean 57 25 7.8 10.7 26 19.5 1.15

Max 62 29 8.8 25.7 34 32.5 1.76

0.6-0.8 Min 54 16 6.3 3.35 26 6.9 0.52
Mean 58 21 7.2 20.00 33 14.0 2.14

Max 64 27 7.9 24.3 41 34.5 4.13

0.8-1 Min 50 15 6.1 19.6 25 4.8 0.91
Mean 58 19 7 24.7 37 12.2 2.72

Max 70 30 7.8 29.9 48 25.9 5.47

4.4.4. Texture contrast soils

The six soils within this class exhibit a clear, sharp or abrupt contrast between the lighter

textured surface and more clayey underlying subsoil horizons (Table 4.10). These soils appear

primarily in the east of the region (n=5) with one profile located southwest of Hay (Figure 4.7).

Texture contrast soils may contain nodular lime in the lower subsoil (n=4) and exhibit

subdominant colours or mottling (n=4). No samples contained observable coarse fragments or

showed clear signs of waterlogging.
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Figure 4.7. The location of the six cores classified as Texture contrast soils in this study.

There is variability in the colour of the texture contrast soils. Three profiles are brown,
yellowish dark red or yellowish red throughout the profile. Two soils contain a grey, lighter

surface soil overlaying the heavier, brown subsoil while one profile is grey throughout.

Clay content increases from an average of 22% (0-0.3 m) to an average of 39% (0.3-0.6 m),
46% (0.6-0.8 m) and 42% (0.8-1 m) (Table 4.10). Soil pH and CEC values have a similar trend,
with averages for both soil properties increasing from 5.6 and 7 cmol(+)/kg at the surface to
8.9 and 18 cmol(+)/kg in the lower subsoil, respectively (Table 4.10). One profile is sodic
below 30 cm (ESP>14), however, did not exhibit a columnar structure as required for it to be

differentiated as a sand over clay soil per Hornbuckle et al. (2008b).

115



Chapter 4 — Soil Morphology

Table 4.10. Summary statistics for six profiles classified as Texture contrast soils. Displayed are the
minimum, mean and maximum values for clay content, sand content, pH, ECe, CEC, ESP and the
calcium to magnesium ratio (Ca:Mg).

Depth Clay Sand pH ECe CEC ESP Ca:Mg
(m) (%) (%) (dS/m)  (cmol(+)/kg) (%)
0-0.1 Min 6 44 6.2 0.83 2 2.1 1.35
Mean 22 62 5.6 1.09 7 3.8 2.56
Max 31 87 6.9 1.35 10 5.4 6.30
0.1-0.3 Min 12 48 5.9 0.35 2 1.9 0.94
Mean 22 64 6.8 1.02 6 5.2 1.97
Max 30 89 7.5 1.69 11 7.0 3.30
0.3-0.6 Min 21 31 7.8 0.46 4 5.1 0.71
Mean 39 45 8.2 1.62 15 6.4 1.43
Max 51 67 9.0 2.76 24 18.4 2.57
0.6-0.8 Min 43 25 8.0 0.86 14 5.2 0.79
Mean 46 35 8.7 2.63 20 11.5 1.40
Max 50 43 9.2 5.44 31 22.7 2.83
0.8-1 Min 35 30 8.2 1.67 10 2.1 0.70
Mean 42 41 8.9 2.73 18 9.9 1.62
Max 52 52 9.3 4.29 27 23.2 3.27

4.4.5. Transitional earth soils

Nine soils are classified as Transitional earths, observed primarily in the east of the region, with
one soil located north of Hay (Figure 4.8). Transitional earths may show evidence of mottling
or subdominant soil colours (n=8), nodular lime in the subsoil (n=5) and/or coarse fragments
(n=3). Soils within this class are most commonly dark brown to yellowish red throughout the
profile. In some instances, a dark greyish brown horizon may overlay a dark brown or yellowish

red subsoil.
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Figure 4.8. The locations of the nine sites where the soil profiles were classified as transitional earths.

There is an increase in clay content from the surface (mean =26%) to 0.1-0.3 m (mean = 48%)
which is mirrored by the CEC which increases from 8 cmol(+)/kg (0-0.1 m) to 17 cmol(+)/kg
(0.1-0.3 m) (Table 4.11). The pH of soils increases from neutral at the surface (mean=6.7) to
strongly alkaline in the lower subsoil (mean=8.6) (Table 4.11). The Transitional earth located
north of Hay is strongly sodic (ESP>14) and extremely saline (ECe>16) from the upper subsoil
to depth (Table 4.11). ‘Average’ Transitional earth soils, however, are not considered to be

extremely saline or strongly sodic.
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Table 4.11. Summary statistics for seven profiles classified as Transitional earths. Displayed are the
minimum, mean and maximum values for clay content, sand content, pH, ECe, CEC, ESP and the
calcium to magnesium ratio (Ca:Mg).

Depth Clay Sand pH ECe CEC ESP Ca:Mg
(m) (%) (%) (dS/m)  (cmol(+)/kg) (%)
0-0.1 Min 17 44 5.9 0.29 3 0.6 0.76
Mean 26 54 6.7 1.03 8 2.4 1.54
Max 34 67 8 1.52 13 6.4 2.32
0.1-0.3 Min 37 24 6.6 0.26 13 0.9 0.69
Mean 48 34 7.6 1.27 17 5.7 1.26
Max 57 47 9.6 3.42 23 21.1 2.33
0.3-0.6 Min 35 21 7.7 0.80 13 1.6 0.68
Mean 49 31 8.5 3.17 21 8.0 1.15
Max 57 43 9.3 14.9 26 33.5 2.42
0.6-0.8 Min 40 20 8.2 0.60 12 1.7 0.79
Mean 52 28 8.6 5.83 23 7.5 1.33
Max 59 45 8.9 354 28 18.3 3.57
0.8-1 Min 40 23 7.9 0.56 13 2.1 0.79
Mean 51 31 8.6 7.64 23 9.0 1.26
Max 57 41 8.9 36.2 33 26.0 2.04

4.4.6. Deep sands

Three soil profiles were classified as Deep sands, containing less than 10% clay content
throughout the first metre of the soil profile (Table 4.12). The sand content of these profiles
increases slightly with depth while the pH is neutral to slightly basic (Table 3.4). All profiles
have a very low CEC (<3.6 cmol(+)/kg) and were a brown-dark yellowish brown throughout
the profile (Table 4.12).
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Table 4.12. Summary statistics for three profiles classified as Deep sands. Displayed are the minimum,
mean and maximum values for clay content, sand content, pH, ECe, CEC, ESP and the calcium to
magnesium ratio (Ca:Mg).

Depth Clay Sand pH ECe CEC ESP Ca:Mg
(m) (%) (%) (dS/m)  (cmol(+)/kg) (%)
0-0.1 Min 4.3 76 6.8 1.16 1.8 1.1 1.43
Mean 7.3 84 7.1 1.56 2.6 7.2 1.55
Max 9.7 90 7.4 1.56 3.6 12.2 1.73
0.1-0.3 Min 1.2 76 6.9 0.93 1.5 6.3 1.08
Mean 4.7 86 7.2 1.06 2.0 8.1 1.65
Max 9.2 94 7.5 1.29 3.0 9.3 2.36
0.3-0.6 Min 1.3 90 7.3 0.66 0.9 2.3 1.33
Mean 3.3 90 7.4 0.87 1.2 9.6 1.56
Max 7.3 90 7.6 1.19 1.6 13.8 1.90
0.6-0.8 Min 3.4 90 7.6 0.48 0.8 2.9 1.24
Mean 4.9 90 7.6 0.73 1.0 4.7 2.01
Max 6.9 90 7.7 0.86 1.5 6.7 3.17
0.8-1 Min 1.5 88 7.0 0.66 0.9 2.0 1.25
Mean 34 89 7.3 0.74 1.1 6.6 1.64
Max 6.4 91 7.6 0.86 1.3 15.4 2.10

These soils are associated with palacochannel systems, occurring on source-bordering sand
dunes or within relic streambeds. Of the three cores examined within this class, two are
considered streambed sands, located northwest of Hay, while one is a mid-slope dune soil
located south of Hay (Figure 4.9). While coarse fragments were present throughout the profile
of the streambed sands, they were not observed in the dune sand. The dune sand also contained

a higher ESP than the two streambed sands.
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Figure 4.9. The location of the three sites where soils were classified as deep sands.

4.4.7. Exceptions

The 28 soil profiles that did not fall within one of the previous nine classes can be differentiated
into a further four categories which do not occur widely over the region. The first of these are
‘lakebed adjacent’ soils. Four soil cores fit within this category. All profiles are a loamy texture
to a depth of 1 metre, vary in colour, from brown to grey, and are highly alkaline (pH>8.8) at
all depths. These soils were observed north-west of Balranald and are located adjacent to

seasonally flooded lakes (Figure 4.10).

The second category of soils are ‘Dunefield soils’ located south of Balranald (Figure 4.10).
This region is the interface of the lower Murrumbidgee plains and the Mallee dunefields. These
soils are loamy, calcareous earths, however, texture varies at depth with the soil most clayey at
the surface. This indicates the potential presence of buried horizons. Of the three profiles

observed, one exhibited a sand lens at 0.38 m (Figure 4.11).

The third category are ‘Loam’ or ‘Gradational loam’ soils. These soils are similar to those
within the Texture contrast and Transitional earth classes, however, do not make the criteria
due to gradual changes in texture. Consequently, these soils are observed across the plain in
similar locations to the Texture contrast (Figure 4.7) and Transitional earth (Figure 4.8) classes.
They are most commonly brown-to-brownish grey in colour with a loamy texture that may

become clayey at depth. Lime is common in the lower subsoil.
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Soils that become sandier at depth fall within the fourth category which is referred to as
‘unclassified’. These soils are clayey at the surface, becoming sandier to a depth of 1 metre or

are loamy at the surface, becoming clayey in the upper subsoil before becoming sandier again

in the lower subsoil.

Balrénald

= Coleambally

DRy

Legend
Study area boundary

Exception soil sub-groups
@ Lakebed adjacent soils
@ Gradational loams

@ Dunefield soils

€ Undlassified

Murrumbidgee Irrigation Area 0 25 50 75 100 km
[ Coleambally Irrigation Area 3 [ 2 Saaaaaa—. )

Figure 4.10. The location of the 28 sample sites that did not fall within one of the nine soil classes
and, are thus, considered as exceptions. Shown are the four sub-categories of lakebed adjacent soils,
gradational loams, dunefield soils and unclassified,

121



Chapter 4 — Soil Morphology

0.01m

Figure 4.11. An exemplar profile of the calcareous ‘dunefield’ soils which occur at the interface of the lower Murrumbidgee region and Mallee regions. In
these soils lime is common below 0.2 m depth. Present in this core is a lens of sand approximately 10 mm thick at a depth of 0.38 m.
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4.4.8. Soil class models and maps

4.4.8.1.  Model selection
Through a LOSOCYV it was shown that the generalised model, with four broader groups,
outperformed the more specific soil class model with out of bag estimates of error rates of
39.5% and 64.83%, respectively. In this model the highest error rate was for the Sands group,
with the three profiles predicted as earths (Table 4.13). Red-brown and Grey clays produced
the lowest class error with rates of 0.33 and 0.36, respectively (Table 4.13).

Table 4.13. The breakdown of predictions of the four broader soil groups modelled in this study. In this
model texture contrast and transitional earth soils, as well as appropriately selected ‘exceptions’ were
placed within the earths group.

Red-brown clays  Earths  Grey clays Sands Class error

Red-brown clays 38 6 13 0 0.33
Earths 10 17 6 1 0.50
Grey clays 13 5 32 0 0.36
Sands 0 3 0 0 1.00

4.4.8.2.  Valley-wide soil group map
Clays are predicted to be dominant across the region, with Red-brown clays more prevalent in
the east and Grey clays more prolific in the west (Figure 4.12). Where the plain ends (143.5°),
and the landscape intersects with the neighbouring Mallee region, the map accurately predicts
the presence of the Earths group (Figure 4.12). The Earths group is also predicted to occur in

the east and northeast of the region as well as along palacochannel tracts (Figure 4.12).

The developed model showcased an inability to accurately class soils as Sands. Consequently,
they are sparsely projected in the map (Figure 4.12). Where sands are present, they fall adjacent
to Earth soils in the centre of the study and in small, isolated pockets, among Grey clays in the
central-north of the region (-35.375°, 144.5°) (Figure 4.12). It is likely that where areas are
classed as Earths, and follow known palaeochannel systems, Deep sands will be present either

within the streambed or as source bordering dunes.

123



Chapter 4 — Soil Morphology

-34.00

-34.25

= -34.50

Longitude

-34.75

-35.00

144

145
Latitude

146

Soil class

Earths
Grey clay

. Red Brown clay
Sands

Figure 4.12. A map showcasing the predicted distribution of four soil groups: Grey clays, Red-Brown clays, Earths and Sands across the region at

a 90 m resolution. In the west of the region, predictions are not made where lakes are present
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4.4.9. Localised distribution of soil classes

4.4.9.1.  FarmA
There is significant variability in the morphology of soil cores extracted from the 82 ha paddock
on Farm A northwest of Hay (Figure 4.13). The defining features of this paddock and the
surrounding landscape are terminal palacochannel streams. Unlike major palacochannel
systems, no levees are observed adjacent to this streambed in the cultivated or uncultivated
areas. Instead, a narrow, sandy, palaeochannel streambed is incised into the heavier clays of the
plain (Figure 4.13). These more clayey soils do not contain lime or gypsum and can be either
red-brown or grey, with no clear trend in colour as distance from the streambed increases.
Interestingly, sandier areas continue beyond the approximate bounds of the stream, with a
gradational loam occurring between a red-brown and grey clay in the west of the field (Figure
4.13). In this loam, lime is observed in the lower subsoil. The gradational loam located centrally
within the streambed is narrowly excluded from being a deep sand due to a clay content of 19%
in the lower subsoil with some structural development. Excluding this profile, and the two deep

sands, the remaining five cores are strongly sodic (ESP>14).

::"t

Legend
Palaeochannel streambed

Soil class
@ Red-brown clay

® Grey clay
@ Gradational loam 0.25 0.5
AN Deep sand T —

Figure 4.13. The paddock examined utilising the Farm A subset data from this study. The site, located
northwest of Hay, contains a sand streambed incising itself within the heavy clay plain. Located
within this paddock are Red-brown clays, grey clays, gradational loams and deep sands.
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Utilising aggregated soil profile data, the developed soil transect shows that coarse fragments
are limited to the sandy palaeochannel streambed and the upper horizons of the grey clay, to
the northeast, that the streambed is sharply incised within (Figure 4.14). To the northeast,
salinity (ECe) increases as the distance from the streambed increases. There is a slightly more
gradual increase in clay content perpendicular to the streambed in the southwest (Figure 4.14).
In this instance there are no coarse fragments or trends in salinity with the dominant soil colour

being brown instead of grey.

Southwest Northeast
x pSe
d >
|
Clay \\\i\\\\S Sandy [Oam Salinity increasing at depth:
Sand J;’f;///: Loam X Coarse fragments

Figure 4.14. Cross-sectional soil diagram along the A-B transect (Figure 4.13) within the field at Farm
A.

4.4.9.2.  FarmC
There is greater uniformity in the soil cores examined from adjacent to the upper Waddi River
Ridge (Figure 4.12) than those described at Farm A. The loam profile, located within the
approximate confines of the river ridge, is a uniformly textured sandy loam with a neutral pH.
A previously mapped extension of the river ridge (van Dijk and Talsma, 1964), which has likely
been eroded or anthropogenically altered, contains two gradational loam soils. These are a
loamy texture at the surface, gradually becoming more clayey to the lower subsoil where lime
is present (Figure 4.16). Within this area the brown transitional soil has a loam surface

overlaying a heavy clay texture in the upper and lower subsoil.

Located equidistant to the north of the primary river ridge are Texture contrast soils (n=3) and
Red-brown clays (n=12). Except for one soil core sampled from the northwest of the paddock,

and furthest from the ridge, all Red-Brown clays contained lime in the deep subsoil (Figure
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4.15). Across the paddock alkalinity increases with depth. There is no clear spatial trend
regarding sodicity at depth within the Red-brown clay profiles. While some profiles exhibit
strong sodicity (ESP>14) others remain classified as non-sodic (ESP<6).

Legend
| Waddi River Ridge

Soil class
Red-brown clay
Red-brown calcic clay
Red-brown gypsic clay
Grey clay
Grey calcic clay
Gradational loam
Texture constrast soil
Transitional earth

distance of four kilometres seven different soil classes were observed, Shown north of the ridge which
cross the area is an extension of it.

The transect formulated between points C-D in this paddock shows that coarse fragments are
present at depth (0.5-1 m) in the Texture contrast and Red-brown calcic clay soils toward the
east. Lime is most prevalent as nodules (0.5-0.9 m) or softer, diffuse pedogenic segregations
(>0.9 m) in the Red-brown calcic clays, however, is also observed in the Gradational loam and

Texture contrast soils (Figure 4.16). The paddock is uniformly clayey, however, within the area
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defined as an extension of the ridge, loam upper horizons overlay this clay to varying depths

(Figure 4.16). It is difficult to understand this trend due to landscape alterations through land

reformation.
West East
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Figure 4.16. Cross-sectional soil diagram developed using morphological observations from soil cores
along the C-D transect (Figure 4.15) within the field at Farm A.

Profiles examined south of the river ridge include a Red-brown gypsic clay, a Red-brown calcic
clay and two Grey calcic clays (Figure 4.15). The two Grey gypsic clays occur at a greater
distance from the ridge than any soils observed to the north (Figure 4.15). The westerly grey
core was extracted from a native vegetation site. The core extracted from the irrigated paddock
is more acidic throughout the profile, with a surface pH of 6.4, compared to 7.5 in the unaltered
soil, and a pH in the lower subsoil of 8.8, compared to 9.0 in the unaltered soil. In the lower
subsoil the native site is more sodic, with an ESP of 17% compared to the irrigated soil which
exhibited an ESP of 10.6%. Excluding the presence of gypsum in one of the Red-brown clays,
both are akin to the sites located north of the ridge.

4.5. Discussion

4.5.1. Development of soil classes

As a result of sampling sites from across the entirety of the lower Murrumbidgee and not just
within the eastern irrigation areas, a high proportion of the profiles were classified as clays.
Consequently, an emphasis was placed on differentiating between these clays without using

localised geographic terminology meaning the developed soil classes differ from those
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presented in past soil surveys in the lower MIA (van Dijk, 1961) and CIA (van Dijk & Talsma,
1964) or reclassifications (Hornbuckle & Christen, 1999; Hornbuckle et al., 2008b; Thacker et
al., 2008). In the former instances, soil types (units) were categorised as dominant,
subdominant and minor within a geographical association largely informed by landscape
physiography. While the incorporation of localised landscape knowledge adds information, it
reduces the efficacy in translating knowledge to areas where these associations are not mapped.
This study categorises soils in a manner that does not require knowledge of isolated

physiographic units, instead, presenting classes applicable to the region in its entirety.

As the basis of this classification was primarily soil texture and colour, there is the capacity for
classes to be further sub-divided. For example, within the Red-brown clays significant
variability is seen in the ECe and ESP measurements suggesting sub-divisions of Red-brown
salic or sodic clays would be possible. Not observed in this study are the ‘Sands over clays’.
These soils are described by Hornbuckle and Christen (1999) and later Hornbuckle et al.
(2008b) as texture contrast soils with dense, coarsely structured subsoils that can crack into
columns with a rounded top under dry conditions. Within the ASC these soils would be
classified as Sodosols. These soils are known to occur within the region, as identified during
surveys by Taylor and Hooper (1938) and Stannard (1970). It is possible that some profiles
classified as a Texture contrast or Transitional earth soils are in fact Sand over clays given
measured sodicity at depth. A columnar structure in the subsoil, however, was a requirement

for this class and was unable to be clearly discerned from a 40 mm diameter soil core.

4.5.2. Spatial distribution of soil classes

Due to limited data availability for some of the nine individual soil classes, the broader soil
group model was chosen to map soil distribution across the lower Murrumbidgee valley. Even
in this instance the low number of data points for the Deep sand group leads to a 100% class
error prediction. Sharififar et al. (2019) have previously highlighted the impact that data

imbalances can have on model uncertainty.

Despite drawbacks the resulting map appropriately displays known landscape trends including
the dominance of clay soils across the region. The prevalence of Red-brown clays in the
southeast and north of the region suggests these soils to be older than the grey clays to the west,
with the redder colouring suggesting extended exposure to weathering processes and
subsequent rubification (Sanchez-Marafion, 2011). Rubification relates to yellowing or

reddening of soils in warm climates due to the liberation of iron, or pedogenic hematite
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formation, as minerals undergo weathering (Kemp, 1985). This was described briefly by Cay
and Cattle (2005) in relation to differently aged sediments in the neighbouring Lachlan valley.
It is appropriate then to consider that, theoretically, grey soils are more likely to be younger

and associated with more recently active palacochannels.

These patterns are consistent with maps of palaecochannel systems, where the area in the
southeast is associated with the older Coleambally system (active 85-105 ka) while, further
west, the younger Kerarbury system (35-55 ka) was more recently active in sediment
deposition. Patterns in the region’s north are also consistent with this theory, with Langford-
Smith (1960) mapping prior streams in this area that would predate the paleochannels mapped
by Page and Nanson (1996) and Page et al. (2009). Continuous passages of grey soils,
hypothesised to be associated with the Kerarbury system (active 35-55 ka) are likely to have
been deposited atop older sediments that, when not buried, are shown as Red-brown clays in
the map. This interaction of differently aged sediments was observed where a grey top and
upper subsoil overlayed an older, red-brown lower subsoil. This pedological development in
the lower subsoil suggests an extended period of sediment exposure, supporting the theories of

Butler (1958).

The Earth soils detected in the western fringes of the region occur primarily as Calcarosols
where the Mallee landscape meets the Murrumbidgee. In the region’s east, these Earths have
been widely described as Texture contrast soils with subplastic properties resulting from the
influence of parna deposits (Butler, 1979; Cattle and Smith, 2018; Hornbuckle and Christen,
1999; Hornbuckle et al., 2008b; van Dijk, 1958). In the south of the region, mapped tracts of
these soils are associated with known pathways of the older Coleambally palaecochannel system

(Page & Nanson, 1996).

There are, however, limitations to the soil group map. For example, Murphy et al. (2000)
described the region’s west (144°-144.5°) as a mosaic of Grey Vertosols and hard Red
Chromosols, Calcarosols and Rudosols. Observations of the sand seam at Farm A, described
below, show finer scale variability to be present, with an examination of satellite imagery
highlighting that this variability is not constrained to this site. Within the region’s west, neither
the streambed sands or texture contrast soils (Murphy et al., 2000) are represented to the

appropriate extent in this model and resulting map.

Soil variability at the farm, or within-field scale, does not support previous theoretical

toposequences (Butler, 1958; Langford-Smith, 1960). At Farm C, for example, within the
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examined distances of the Waddi River Ridge the dominant soils should consist of loams with
clay horizons only occurring at depth. This was, however, only observed in six of the 23 classed
soil profiles. This site supported Butler’s (1958) theory that lime is greatest, and salinity lowest,
closer to palacochannels with the inverse occurring as distance from the system increases. The
results at Farm C are consistent with the survey findings of van Dijk and Talsma (1964) who
identified the areas adjacent to the Waddi River Ridge as falling within the locally characterised
Cararbury soil association. Within this soil association ‘local’ soil types, including the
Yooroobla and Wunnamurra clays, showcase similarities to the soils described in this study

(van Dijk & Talsma, 1964).

The site at Farm A tells a more interesting morphological story, highlighting that where
palaeochannel streams are terminal the ‘mosaic’ becomes more complex. At these sites it is
shown that deep sandy soils occur directly adjacent to heavy clays. Further, there is no clear
differentiation between Red-brown and Grey clays. While colour differences may result from
microtopographical differences, these are not observable, with loam soils also present. This is
of interest as it is expected that the grey sediment would be associated with the younger system
and should be more uniformly distributed. Instead, grey and red-brown soils occur directly
adjacent to each other with no clear differentiation. Along with soil colour, CEC can indicate
the extent of soil weathering, whereby a lower CEC suggests an extended period exposure to
weathering, suggesting an older soil. In comparing the CECs between the red-brown and grey
clays in this field, however, the red-brown clays have a higher CEC at each of the five depths,

contradicting the theory that the red-brown soils are older.

It is hypothesised that the soils at Farm A are located on terminal anabranches of the Gum
Creek system, active from 25-35 ka, which have incised into older clay sediments. By
incorporating knowledge presented in literature, three hypotheses are presented regarding this
streambed sand and the absence of characteristic levees. Firstly, despite a low streamload small
levees were produced, however, these have since been remobilised across the landscape.
Secondly, where small levees were present, instead of being remobilised across the landscape
they infilled shallow streambeds resulting in a sand like seam. And, thirdly, levees were never

present.

Prior streams, predating the mapped palaeochannel systems of Page et al. (2009), were
hypothesised by Langford-Smith (1960) to have been present both north and south of this
property (Figure 2.3). As well as identifying the Gum Creek system, Page et al. (2009) mapped

the occurrence of the Kerarbury system, which is theorised to be older than the Gum Creek
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system but younger than the prior stream that Langford-Smith (1960) mapped to the north of
the paddock. It could, therefore, be the case that this is the intersection of these two clay fans,
the younger grey soils, associated with the Kerarbury system, and the older red-brown soils,
associated with the prior stream of Langford-Smith (1960). At the intersection a younger
palacochannel anabranch has incised, resulting in the deep sand. This aligns with layering of
sediments proposed by Butler (1958), however, in this instance instead of the Mayrung and
Widgelli Parna units, both sediments are likely of alluvial origin due to their westerly position.
Instances of colour patches in the southwest of the paddock may be the result of previous

microtopographical differences which have been removed through land reformation.

Ultimately this highlights that Arenosols and Vertosols can occur adjacent to each other, with
no topographical difference. This is different to previous studies where the sandy soils are
associated with dunes rather than streambeds. The distribution of grey and brown soils does
not follow any clear pattern. Consequently, these smaller terminal streams incising themselves
within heavy clays produces a pattern akin to spaghetti that strings across the western plain.
This creates difficulty in mapping spatial variability at broader scales, as was witnessed in the
valley scale soil group map where only minimal pockets of Earths and Deep sands were noted
in this part of the region. This is likely why soil associations containing dominant and

subdominant soil types were favoured by early researchers.

4.5.3. Clays

Despite the alluvial sediments of the plain being unrelated to the modern system, surface
sediments from recent palaecochannel systems are still relatively young. Consequently, profiles
are not highly pedologically differentiated and, thus, clays were prevalent throughout the study
area. While initial theoretical transects of the region (Butler, 1958) suggested lime decreases
as clay content increases, however, calcic soils were the most common sub-class of both Red-
brown and Grey clays in this study. The findings of this study are consistent with summaries
of clay soils in the region’s east by Thacker et al. (2008) and Cay and Cattle (2005), the later
noting lime in abundance within clay soils of the neighbouring Lachlan valley. Where gypsum
and lime are both present within the first metre of soil, the occurrence of lime above gypsum

is expected, given gypsum is more soluble (Anderson et al., 2021).

The clays identified in this study have been classified as Vertosols within the ASC (Isbell &
NCST, 2021). There is, however, difficulty in making this classification from a 40 mm soil

core. Consequently, it is possible that some clays in any of the six classes could be classed as
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Dermosols (Isbell & NCST, 2021). Each class was placed within the Epipedal Group, however,
as this was done on the average profile for each class, some profiles would be considered
massive. Similarly, as the Subgroup classifications are based on chemical characteristics, and
the averages for each class came from highly variable data, some clay profiles with a low ESP
would be placed in different subgroups. For example, non-sodic Brown clay profiles would be

classed within the Haplic Subgroup.

Sodic soils occur extensively throughout Australia’s agricultural regions (Jayawardane &
Chan, 1994) and were frequently observed in this study. This is reflected with the Brown, Grey
and Grey gypsic clay classes being classified within an Episodic or Episodic-Gypsic subgroup
as well as the Grey calcic clays being classified as Epihypersodic-Endocalcerous. A structural
collapse resulting from the high proportion of sodium ions was observed in some cores within
this study that exhibited extreme (>14% ESP) sodicity (Rengasamy & Olsson, 1991; Dodd et
al., 2013a). A further derivation of structurally collapsing sodic soils into sub-categories may

be of value to allow more accurate identification of, and advisement regarding, these soils.

The chosen differentiation between clay soils was on the basis that soil colour can be a valuable
indicator of the past pedological history related to soil formation and a potential indicator of
soil organic carbon, drainage conditions, aeration, mineralogy and iron content (Ibafiez-
Asensio et al., 2013; Hartemink & Minasny, 2014). As already discussed in relation to soil
distribution, red-brown or yellow soils occur following the pedogenic release of iron from
primary minerals suggesting they are more developed, and thus older, than grey soils. Within
the clay classes it is common to see the layering of sediments, with grey clays overlaying a red-
brown subsoil. At a finer scale, however, it was difficult to identify a clear spatial trend of
differently aged soils. As soil colour can also indicate mineralogy (Hartemink & Minasny,
2014), it is possible that varying colour patterns are the result of different parent materials for
differently aged sediment deposits. Alternatively, younger deposits may be red-brown if the
source of sediment was older, more pedologically developed upstream sediments. This could
include upstream sediments that were initially of aeolian origin, in accordance with the

pathways of Cattle et al. (2009) and Greene et al. (2009).

A comparison of soil CEC has already been undertaken at Farm A, however, an analysis of one
Grey calcic clay and two Red-brown calcic clays 50 km south of Hay shows the grey soil to
have a higher CEC at all depths. Similarly, comparing three Red-brown calcic clays, located
north of Hay, to three Grey calcic clays, located south or southwest of Hay, showed the grey
soils to have a higher average CEC at depths of 0-0.1, 0.1-0.3 and 0.8-1 m. This supports the
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notion that the grey clays are younger. These sites are exposed the same environmental
conditions but a higher CEC in the grey clays indicates that there has been less mineral

weathering. It may then be the case that the described soils at Farm A are an outlier.

Measured pH, alongside variability in soil salinity (ECe) and sodicity (ESP) to 0.3 m, are
similar to findings for the clay groups of Thacker et al. (2008) in their review of available
regional soil data. This study, however, did not differentiate between self-mulching and
hardsetting clays. Summary pH statistics for work previously undertaken on hardsetting clays
shows them to be slightly more acidic than both those in this study and the previously
differentiated self-mulching group of Thacker et al. (2008). While similar variability is
observed in ECe and ESP data, there is an increase in extremely sodic measurements at 0.3 m
in the hardsetting clays. This comparison, however, may not be valid as data contained within
previous reviews is limited to the Murrumbidgee and Coleambally Irrigation Areas with both
salinity and sodicity known to increase along the east-west axis (Talsma, 1968). This trend was
observed in this study, with increased pedogenic lime also seen, an expected occurrence given

that aridity also increases along this gradient.

4.5.4. Texture contrast soils

While the average texture contrast soil in this study was considered a Dystrophic Subnatric
Brown Sodosol, some individual profiles within this class could be considered as Haplic or
Sodic Dystrophic Brown Chromosols on account of lower ESP. Similarly, varied coloured soils,
such as the grey profile, would be placed in different Suborders. It is important to note that
some soils within the region contain subplastic properties. If subplasticity is present soils are
excluded from being classed as Sodosols due to landuse impacts and would therefore be
classified as Chromosols and likely placed within the Subplastic Great Group (Isbell & NCST,
2021).

Texture contrast soils have previously been described as Red-brown earths (Hornbuckle &
Christen, 1998) which are differentiated into three subclasses based on their subplasticity (van
Dijk, 1958). Subplasticity refers to the soil texture grade becoming more clayey following
mechanical working (Cattle & Smith, 2018) and has been widely discussed in literature
(Blackmore, 1976; Brewer & Blackmore, 1976; Butler, 1976; Mclntyre, 1976; Norrish & Tiller,
1976; Walker & Hutka, 1976). These soils are also referred to as ‘hillslope soils’ (Butler, 1979)
and are prevalent in the east-northeast of the region. The Red-brown Earth classification has

been broadened to Texture contrast soils as profiles in the region’s west fit the texture contrast
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classification but contain grey horizons. Further, while the physical properties of these soils are

well understood, Thacker et al. (2008) note that there is limited available chemical data.

While texture contrast soils are included in the ‘mosaic’ description of the landscape presented
by Murphy et al. (2000), these soils are pedologically developed as indicated by their yellow
or red colour. In contrast, the Texture contrast soil observed west of Hay in this study was grey
throughout. Given this, it is unlikely that the texture contrast results from the illuviation of clay
particles over an extended period, nor has it been anthropogenically altered, as it is a native
site. Consequently this site, located near the Murrumbidgee River, is likely the result of coarser
sediments from a Holocene flood burying an alluvial clay associated with a palacochannel
system depositional event. Excluding this grey site, the presence of a texture contrast and red,
or yellow, colours indicate that these soils have undergone a greater degree of pedological
development than the previously described clay soils. Another possibility for these soils is that
a sandy clay loam has buried a light medium clay which had previously been exposed for an

extended period resulting in the red colouration.

4.5.5. Transitional earths

Soils classed as Transitional earths have previously been considered Transitional Red-brown
Earths (Hornbuckle & Christen, 1998) however, as with the Texture contrast soils, this
grouping has also been broadened on the basis of colour. Based on the average data obtained
in this study, Transitional earth soils were classed as Sodic Dystrophic Brown Chromosols. As
described above, however, profiles may be placed in separate Suborders on account of their
colour in the B2t horizon. A sodic B2t horizon would also result in the profile being classified
as a Sodosol (Isbell & NCST, 2021). The Transitional earths of this study are more alkaline to
a depth of 1 m than the summary statistics presented by Thacker et al. (2008). To a depth of 0.3
m there is similar variability in ESP measurements, with the summary statistics of Thacker et

al. (2008) also exhibiting variability from <1% to >20%.

These soils have been used successfully for broadacre irrigated agriculture, with crops grown
including sorghum and ponded rice (Beecher, 1991; Cook et al., 1989). Consequently, much
research on these soil types has focused on hydrological properties and water infiltration related
to management of these systems. Khan et al. (2002) summarised that, from 0.2-0.6 m depth,
hydraulic conductivity is lower than in texture contrast soils, ranging from 0.026 to 10 mm/day.

Cook et al. (1989) found that steady state infiltration in these soils increased following slotted

135



Chapter 4 — Soil Morphology

treatments of gypsum. These soils are well suited to ponded rice production, however, are often

unsuited for furrow irrigation (North & Schultz, 2017).

The Transitional earth observed in the region’s north is primarily surrounded by Red-brown
clays, some of which are calcic. It is possible that this is a more pedologically developed
version of these soils or, like the texture contrast profile described above, it is the result of 0-
0.1 m of coarser sediment burying an alluvial clay. It has been previously stated that the
Transitional Red-Brown Earths commonly contain lime and gypsum in the subsoil (Thacker et
al. 2008). While pedogenic lime was observed in this study, gypsum was not seen within the

first metre of the soil profile.

4.5.6. Deep sands

Two of the three Deep sands in this study differ significantly from those previously described.
In summarising previous research, Hornbuckle and Christen (1999) noted that deep sands are
primarily of aeolian origin occurring as dunes. Stannard (1970) described 13 local sand soil
types surrounding Coleambally, 10 of which are associated with hillslopes or rises.
Consequently, while not observed at sites within this study, Deep Sands are known to be present
in the region’s east. These sands, like the site observed south of Hay, have developed because
of secondary aeolian action as described by van Dijk and Talsma (1964). The three non-sandhill
soil types (Stannard, 1970) become clayey within the first metre of the soil profile. Summary
statistics for these sandhill soils are like those in this study, with soils exhibiting a low electrical

conductivity and neutral to moderately alkaline pH (Thacker et al. 2008).

The two sand profiles described at Farm A, however, are morphologically differentiated from
these previously described soils due to the presence of coarse fragments and absence of clay
within the first metre of the profile. Thus, they have been termed streambed sands as they are
not of aeolian origin. While Hornbuckle et al. (2008b) note a streambed sand, termed ‘Stream
bed soil type A’, no data or source for this classification is provided. A further factor behind the
differentiation of these sand types is the measured ESP. The dune sand south of Hay was

marginally-to-strongly sodic at all depths while the streambed sands were non-sodic.

Based on satellite imagery, these soils, while only in isolated pockets linked to physiography,
occur throughout the region. They have previously been classified within the Siliceous Sands
Great Soil Group (Stace et al., 1969). Where these sands are sharply incised within heavy clays,

resulting in abrupt texture changes, there are potentially significant impacts on irrigated

136



Chapter 4 — Soil Morphology

agricultural systems. Murphy et al. (2000) noted beds of Hypocalcic Calcarosols and, while
descriptions of these soils may exhibit some similar characteristics to the sandy soils described
here, the Deep sands class in this study is not calcic. Thus, it is proposed that these streambed
sands be differentiated from other sand classes in future. Further, given their impact on
potential agricultural management it is advisable that further work examining their distribution

and characteristics beyond a depth of 1 m is undertaken.

4.5.7. Exceptions

The ‘Dunefield soils’, identified from three soil cores taken south of Balranald are located on
what Mitchell (2002) terms the ‘Mallee Cliffs Sandplains’. Located on the interface of the
Mallee and Murrumbidgee regions, this landscape produces interesting toposequences as
observed in this study, with calcareous loamy sands, associated with aeolian dunes, becoming
more clayey down an eastward slope, ending in heavier brown or grey clays associated with
Murrumbidgee palaeochannel systems (Mitchell, 2002). The upper soils in this sequence,
compromising two profiles in this study, exhibit rubification, through reddened coatings on
sand particles. Rubification in this instance refers specifically to the coating of quartz particles
in a thin reddish film because of iron being released from minerals (Ben-Dor et al., 2006). As
there is no clear gradational reddening, it is likely that this rubification is the result of a clay-
rich cutan coating on quartz grains which has then oxidised and can be maintained on the grain

even if it is remobilised (Bowler & Magee, 1978).

Bowler and Magee (1978) described the area surrounding the three core locations as the
boundary between ‘linear dunes’ and the ‘alluviated riverine plain’. Pell et al. (2001) described
these lunettes as falling within the Woorinen Formation, one of three sands within the Mallee
dunefields. It is suggested that these linear dunes have resulted from multiple periods of dune
remobilisation, with the last episode to have occurred between 16,000 and 15,000 years ago

(Bowler & Magee, 1978; Bowler et al., 1976).

Soils considered loams or gradational loams, with the exclusion of one profile described at
Farm A, are most closely associated with Transitional earths or Texture contrast classes. Where
these soils have been anthropogenically altered through agriculturally systems it is possible
that under a natural condition they would have been classed as either Transitional or Texture

contrast soils.
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Soils considered as unclassified are differentiated based on unusual trends of texture
throughout the profile whereby clay content either decreases consistently from the surface or
increases to a maximum at 0.1-0.6 m before decreasing. Soils of this nature have been
previously identified by Stannard (1970) within the Coleambally region. In these soils, such as
the ‘Crommelin Clay’, the lightening of texture does not occur until the deep subsoil below
1.06 m (Stannard, 1970). Consequently, the soils within this category under natural conditions
are likely the result of a younger, surface layer, overlaying an older buried profile. If these
profiles are used for agricultural production, they may have been altered by anthropogenic
activities such as the cutting and filling of sediments to create level gradients for irrigation, the

impact of which have been discussed by Cay and Cattle (2005).
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4.6. Conclusion

This study highlights the variability in soil types at both a regional and within-field scale within
the lower Murrumbidgee valley. Morphological descriptions of 153 soil cores from across the
study area highlighted the prolific occurrence of clay soils, particularly within the previously
unsurveyed west of the region. This necessitated the development of a new regional
classification. Based on recurring trends in the collected samples, a bifurcating key was created
to place soils within ten classes: Red-brown clays (n=16), Red-brown calcic clays (n=31), Red-
brown gypsic clays (n=10), Grey clays (n=17), Grey calcic clays (n=26), Grey gypsic clays
(n=7), Transitional earth soils (n=9), Texture contrast soils (n=6) and Deep sands (n=3). The
remaining cores were classed as exceptions (n=28). Lime was frequently observed in the clay
classes as veins, nodules or diffuse pedogenic segregations while subdominant colours were
also common. The distribution of soil classes, visualised through a soil group map produced
using a random forest classification model, is clearly related to the pathways of palaecochannel
systems. Sharp colour changes from a grey to red-brown colour within the soil profile suggest
that older, pedologically developed, soil profiles have been buried by younger sediments. The
development of two field-scale transects highlighted the sharp changes in soil morphology that
occur. At Farm A, streambed sands were identified and it is proposed that these soils be
differentiated from other dune sands based on their position within the landscape. There were
instances where anthropogenic activities were believed to have altered the soil profile. Despite
the development of new soil classes, there is still significant variability in soil chemical
properties such as ECe and ESP. As these properties are of importance to soil management
considerations, further research should look to expand on this work through the further

development of subclasses.
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Chapter 5

5. Examining the influence of lower Murrumbidgee
valley palaecochannel systems on soil properties and
assessing their impact on within-field cotton yield

variability
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Abstract

Distributary patterns of soils within the lower Murrumbidgee valley of southern NSW are
related to the pathways of relic river systems defined as palacochannels. Differing pathways,
ages and characteristics of these deltaic like systems result in highly variable soils at the within-
field scale. It has previously been stated that an improved understanding of this variability, and
how it relates to cotton production, is required to improve management practices. This study
examined the within-field variability and relationships to cotton lint yield of soil properties
including pH, soil electrical conductivity of the extract (ECe), exchangeable sodium percentage
(ESP), cation exchange capacity (CEC), clay content and sand content. This occurred in two
paddocks on different farms; Farm A and Farm C, at five depth increments; 0-0.1, 0.1-0.3, 0.3-
0.6, 0.6-0.8, 0.8-1 m. At Farm A 2018 cotton lint yield varied from 4-11 bales/ha in an 82 ha
paddock while at Farm C, cotton yield ranged from 6-17 bales/ha (2018) and 6-18 bales/ha
(2019) in a 94 ha paddock. A point correlation (r) analysis revealed clay and sand content to be
the soil properties most positively and negatively correlated to crop yield, respectively. At all
depths at Farm A the strength of this relationship was >0.89 for clay and <-0.87 for sand. Also
of note was the positive relationship between ESP and cotton lint yield at all depths, on both
farms (0.06-0.75). This analysis revealed that the strongest correlations were in the subsoil.
Simple linear models are demonstrated as being moderate-to-good at predicting soil properties
within-field when assessed using the Lin’s Concordance Correlation Coefficient (LCCC)
through a leave-one-site-out-cross-validation (LOSOCV). At Farm C, linear models
outperformed random forest models, with LCCCs obtained through the LOSOCYV ranging from
0.62-0.73. At Farm A, only linear models were developed with LOSOCV obtained LCCCs
varying from 0.45-0.65. For each paddock, two production zones were delineated reflecting
differences in crop yields and associated soil properties. The identification of these zones can
allow for variable rate management to increase production efficiency and profitability. This
research shows that variability in soil texture within-field significantly impacts irrigated cotton
production, with considerations given on the implementation of different irrigation systems in

the future.

141



Chapter 5 — Within-field variability

5.1. Introduction

The distribution of soils within the lower Murrumbidgee valley in southern NSW occurs
primarily as a result of palacochannel systems. Within the region four, temporally distinct
periods of palaeochannel activity have occurred over the last 100,000 years (Page & Nanson,
1996). Because of this, differently aged sediments are intertwined across the landscape
resulting in sharp variations in soil properties. An understanding of this variability at the within-

field scale is required for sustainable irrigated cotton production.

While Australia exhibits the highest average cotton lint yield per unit of land globally, there is
still significant yield variability even at a within-field scale (Constable & Bange, 2015;
Nachimuthu et al., 2024). Historically, cotton has been grown primarily on highly fertile
Vertosols in northern NSW and central-southern Queensland (Conaty et al., 2022; Isbell &
NCST, 2021). Consequently, much of the research relating to production systems and their soils
has occurred in these regions (Cattle & Field, 2013). Over the last two decades, however, there
has been a significant expansion of the cotton industry in southern NSW (Gupta & Hughes,
2018). A review of the information available regarding the region’s soils in relation to cotton
production by Holland and Eastwood (2014) found that growers required more information on

soil attributes including sodicity, salinity and soil pH.

Soil sodicity results from excess sodium ions on charged clay particles and organic matter
(Cattle and Field, 2013; Filippi et al., 2020). The consequence of this imbalance is the repelling
of soil particles, resulting in the dispersion of soils and their structural decline (Cattle and Field,
2013; Rengasamy and Olsson, 1991). This collapse in soil structure can reduce the depth that
soil plants roots are able to explore, also affecting soil porosity and hydrology, negatively
impacting production. Soil pH is another key determinant of crop growth and development
with different crops having different optimal pH ranges, most commonly from 5.5 to 9.0
(Hazleton and Murphy, 2007), values exceeding which will limit plant growth through toxicity
and/or the inability to access essential nutrients. In excess, soil salinity can interfere with the
plant uptake of water and essential nutrients; impacting growth, development and ultimately

crop yields (Butcher et al., 2016; Munns, 2002; Sharif et al., 2019).

The texture of soils refers to the proportion of differently sized mineral particles, also impacting
the production potential of soils (Wang et al., 2021). Soils with a higher clay content exhibit a
higher water holding capacity, with the ability to hold water more tightly between soil particles

and store water between irrigation cycles or across fallow periods (Hake & Grimes, 2010).
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Clay soils also have a lower saturated hydraulic conductivity, with Hazleton and Murphy
(2007) estimating a typical range of 2.5-10 mm/hour in moderately pedal light clay compared
to over 120 mm/hour in a weakly pedal sandy loam. In the lower Murrumbidgee valley, all
cotton is grown under irrigation (ABS, 2022), with at least 80% of Australia’s cotton crop
produced using gravity-surface-irrigation systems (Roth et al., 2013). These systems, however,
are best suited to soils with a high water holding capacity and low-medium infiltration rate

(North & Schultz, 2017).

Globally, studies have identified the complex relationships between cotton yield and the suite
of soil attributes such as texture, electrical conductivity, exchangeable cations, slope and pH
(Constable & Bange, 2015; Elms et al., 2006; Ping et al., 2004). Nachimuthu et al. (2024) state
that investigating individual soil properties in high compared to low yielding areas could
provide further insights into yield variability, with few studies in this field. In their study, they
examined five farms, two of which were in the Riverina, identifying soil sodicity to be
negatively related to cotton lint yield (Nachimuthu et al., 2024). Their Riverina soil sites,
however, were both heavy clay soils and textural variability is known to occur more broadly
across the region (Nachimuthu et al., 2024). Understanding the influences of soil properties is
essential prior to the development of management zones or the implementation of variable rate
irrigation. Opportunities for this may increase given a recent, albeit slight, uptake in lateral

move or pivot systems in the cotton industry (Neupane & Guo, 2019; Roth et al., 2013).

Given the heterogeneous nature of soils, an understanding of spatial variability is critical. While
state, national and global digital soil mapping (DSM) products are available for the lower
Murrumbidgee valley, research suggests that these products are poor at identifying variability
at the point, field or farm supports (Han et al., 2022). Filippi et al. (2024) present bespoke farm
or paddock scale DSMs developed using proximally and/or remotely sensed covariates as an
opportunity to overcome this. Kidd et al. (2020) stated that at the farm level DSM development
has been “historically driven by the private market” while many paddock scale DSMs are also
only available for the topsoil and are generated using simple interpolation methods between

grid sampling points (Filippi et al., 2024).

Management or production zones also present an opportunity to assess the extent of spatial soil
variability in relation to crop yields while providing the basis for site specific crop management
(Whelan & McBratney, 2000). The derivation of fields into homogeneous zones allows for
more informed decisions, targeted towards specific crop and soil types, to be made at spatially

specific locations (Whelan & McBratney, 2000). There are various data sources available for
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deriving management zones including yield, soil characteristics and remote sensing, which can
be combined or used individually (Ali et al., 2022; Javadi et al., 2022; Leo, 2022; Leo et al.,
2023; Whelan & McBratney, 2003). K-means clustering is one of the most commonly used
algorithms for delineating clusters once data layers have been collated (Leo, 2022;
Zeraatpisheh et al., 2022). Once derived clusters, also referred to as zones, can be managed
appropriately on an individual basis to improve economic and environmental outcomes (Leo

et al., 2023; Zhang et al., 2002).

To examine the influence of soil variability on crop yields, two farms on differently
characterised paleochannel systems were selected within the lower Murrumbidgee valley.
Available cotton lint yield monitor data from a harvester-mounted sensor and collected soil
data was used to identify point correlations between cotton lint yields and a suite of important
soil properties (pH, soil electrical conductivity of the extract (ECe), exchangeable sodium
percentage (ESP), exchangeable calcium (Ca*"), exchangeable magnesium (Mg?"),
exchangeable potassium (K*), cation exchange capacity (CEC) and sand and clay content).
This was done at five depth increments: 0-0.1, 0.1-0.3, 0.3-0.6, 0.6-0.8, 0.8-1 m. Production
zones were derived using yield data to assess how these soil properties varied between high
and low yielding zones. Lastly, proximal and remotely sensed covariates were used to
developed linear and random forest models to predict and map soil properties at all depths

concurrently.

5.2. Materials and methods

5.2.1. Study sites

The paddocks examined are two of those described as ‘within-field subsets’ in Chapter 3 as
well as in relation to the ‘localised distribution of soil classes’ in the preceding chapter of this
thesis. In the latter, a detailed discussion on the morphological characteristics of each paddocks’

soils is also provided. Consequently, only a summary is provided below.

5211  FarmA
The first paddock examined in this study is located on Farm A, approximately 18 km north-
west of the township of Hay. The 82 ha paddock is used for broadacre irrigated cropping, with
rotations including cotton, corn, wheat and barley. The paddock is irrigated using siphons over
banks in a furrow system where land reformation has occurred to create a consistent gradient.

Incising itself within the paddock, resulting in variability observable from satellite imagery
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(Figure 5.1), is a terminal palacochannel streambed believed to be associated with the Gum
Creek system (Page et al., 2009). Soils within the paddock vary from deep sands to heavy

brown or grey clays.

Figure 5.1. Satellite imagery of the 82 ha paddock at Farm A.

521.2. FarmC
The second paddock examined is located on Farm C, approximately 12 km southwest of the
township of Darlington Point and 3 km south of the Murrumbidgee River. The 94 ha paddock
is used to grow crops including wheat, canola, barley, corn and cotton which are irrigated using
a pontoon system. The paddock is located approximately 2 km north of the Waddi River Ridge
(van Dijk & Talsma, 1964), an upper arm of the Kerarbury system with a streamflow estimated
to be 8.3 times greater than the modern river (Page & Nanson, 1996). Like the paddock at Farm
A, variability is noticeable from satellite imagery (Figure 5.2). Soils in this paddock range from

texture contrast and transitional earths to heavy brown clays.
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Figure 5.2. Satellite imagery of the 94 ha paddock at Farm C.

5.2.2. Crop yield data

All data preparation and analysis in this study was undertaken using R Version 4.3.2 (R Core
Team, 2023). Available yield data for summer and winter crops was obtained for both fields.
At Farm A this consisted of 2018 cotton and 2020 and 2021 wheat yields. At Farm C, yield
data was obtained for 2018 and 2019 cotton as well as 2019 barley and 2020 wheat crops. The
raw yield data for each crop in both fields was assessed before being predicted onto a 5 m grid
using an Inverse Distance Weighting function contained within the ‘gstat’ package in ‘R’
(Pebesma, 2004). The minimum and maximum number of points to be considered was set to

10 and 100, respectively (Figure 5.3; Figure 5.4).
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2018 cotton yield 2020 wheat yield
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Figure 5.3. Yield data at a five metre resolution for the 2018 cotton (bales/ha) and 2020 and 2021
wheat (tonnes/ha) crops in the examined field at Farm A.
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Figure 5.4. Yield data at a five metre resolution for the 2018 and 2019 cotton (bales/ha), 2019 barley
(tonnes/ha) and 2020 wheat (tonnes/ha) crops in the examined field at Farm C.
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5.2.3. Development of production zones

Utilising the yield data for both fields the Pearsons correlation coefficient (r) was used to assess
the strength and direction of relationships between crops over different years. Yield data was
discussed with each landholder to confirm that observed variability was consistent with their
understanding of the paddock and not due to unrelated management effects, such as blocked
irrigation tail drains or areas being under-sown. As this study is primarily focused on cotton
yield variability, the anecdotal spatial relationship of barley and wheat yields with cotton yield,
including for years where data had not been maintained, was also discussed. This local
knowledge alongside the strength of correlations was used to decide what yield data would be

used to develop production zones.

Once satisfied with the quality of data, selected yield data was scaled before undergoing k-
means clustering. While the statistically optimum number of clusters is commonly determined
through the elbow method, in both fields two production zones were generated. This was done
to suit the practicality and purpose of this study which focuses on the application of methods
to meet the needs of producers within the region. As there were distinctly variable zones
observed in the raw yield data it was decided that two clusters would appropriately differentiate

variability and allow for a zonal sampling plan.

5.2.4. Soil sampling

The production zones were discussed with landholders alongside proximally sensed soil data
prior to the selection of sampling sites. At Farm A, a total of eight sample sites were chosen,
with a clearer delineation between the two clusters within the paddock. Within the two clusters
sample sites were randomly selected with the number of sites per cluster determined by the
cluster’s size. In the larger Cluster one, five cores were extracted while in the smaller, Cluster
two, three cores were taken to allow for appropriate replicability. At Farm C, 18 sites were

sampled, with 13 cores extracted from the larger, Cluster one, and five from Cluster two.

At each sample site, soil cores were extracted to a depth of one metre using a vehicle mounted
hydraulic soil corer. The location of each core was recorded using a handheld GPS unit. Once
collected, cores were packaged in their natural condition and returned to the laboratory for

further analysis.
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5.2.5. Soil property datasets

As the methods employed to obtain soil property datasets are described in chapter 3, only a
brief description will be provided here. On return to the laboratory and being morphologically
described, soil cores were subsampled at five depth increments (0-0.1, 0.1-0.3, 0.3-0.6, 0.6-0.8
and 0.8-1 m) before being air dried (40°C) and ground to pass through a 2 mm sieve.

Following completion of drying and grinding, soil pH and Electrical Conductivity (EC) were
measured for all samples in a 1:5 soil to water suspension using a SevenCompactTM s220
pH/Ion meter and S230 Conductivity meter, respectively (Rayment & Lyons, 2011). A texture
grade conversion factor was used to convert soil EC to soil ECe (electrical conductivity of the
extract). Subsamples were sent for external analysis of Ca®*, Mg?*, K" and Na* as well as cation
exchange capacity (CEC) and exchangeable sodium percentage (ESP) using the 15C1 method
of Rayment and Lyons (2011).

A mixed approach was taken to determine soil particle size distribution, using the pipette
method of particle size analysis (Glendon & Or, 2002) alongside VisNIR spectroscopy to
predict soil texture. Initially, however, the spectral library could not be curated due to enforced
sampling delays encountered during this project. To allow analysis to proceed, the pipette
method of particle size analysis was used to determine the particle size distribution of a subset
of samples from this study. In order to balance this labour-intensive process with an
understanding of soil texture variability, samples from the 0-0.1 m depth were analysed for all
cores, with subsamples from each core then alternating between the depths of 0.1-0.3 and 0.6-
0.8 m, or, 0.3-0.6 and 0.8-1 m. Once further sampling was possible, and all cores from the
broader ‘valley-wide’ study area were obtained, samples were finely ground, by hand, before
being scanned on an ASF Agrispec spectrophotometer using a contact probe (Malvern
Panalytical, Boulder, Co, USA). Utilising spectral (n=754) and laboratory data from the ‘full-
dataset’ (n=205), cubist models were developed to predict clay (%) and sand (%) for all

samples.

5.2.6. Proximal and remotely sensed covariates

A combination of proximal and remotely sensed data was used as soil property model
covariates (Table 5.1). Privately held, proximally sensed electromagnetic induction (EMI) and
gamma radiometric sensor data were obtained from landholders. Proximal surveying was

conducted on a 24 m swath, with the position recorded with an EMLID Real-Time Kinematic
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(RTK) GPS unit. Electromagnetic induction, used to measure soil apparent electrical
conductivity (ECa) which can be used to estimate various soil properties and how they vary
spatially, was determined using a DUALEM-21S instrument with measurements recorded at
multiple depths (Dealem Inc., Milton, ON, Canada). A RSX-1 gamma radiometric detector
with a 4 L sodium iodine crystal was used to record gamma radiometric data (Radiation
Solutions Inc., Mississauga, ON, Canada). To produce continuous layers across a 5 m grid from
this raw data, Inverse Distance Weighting (IDW), with a minimum and maximum number of

points to consider for interpolation of 10 and 100 respectively, was used.

Eight publicly available, remotely sensed covariates were downloaded through the
dataharvester package in R (Table 5.1) (Haan et al., 2023; R Core Team, 2023). For both fields
the covariates were extracted onto a 5 m grid as to align with yield and proximal data using the

point-in-polygon interpolation.
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Table 5.1. Proximally and remotely sensed covariate data obtained for use in modelling for this study.
The data category, description, source and initial resolution are shown.

Data type  Category Data Access source Resolution
description
Proximally Electromagnetic ECa50cm  Privately held S5m
fle;;;ed induction ECa 150 cm Privately held Sm
ECa 300 cm Privately held 5m
Gamma Total dose Privately held Sm
radiometrics Thorium Privately held S5m
Potassium  Privately held 5m
Uranium Privately held S5m
Elevation Elevation Privately held 5m
Remotely TWI Gallant and Austin (2012¢) 30 m
f;:;:ed Bare earth Blue band  Roberts et al. (2019) 30 m
Red band Roberts et al. (2019) 30 m
Green band  Roberts et al. (2019) 30 m
NIR band Roberts et al. (2019) 30 m
SWIR 1610 Roberts et al. (2019) 30 m
SWIR 2200 Roberts et al. (2019) 30 m
Geological Silica Gray et al. (2016) 1:250 000
data

5.2.7. Data analysis, modelling and mapping

Across both fields, data frames containing measured pH, ECe, CEC, ESP, Ca:Mg, sand content
and clay content were created. Boxplots were used to visualise variability in measured data
between production zones within each field. The Pearson correlation coefficient was used to
understand relationships between point soil data and crop yields at each sample depth with a

correlation matrix produced for each paddock.

5.2.7.1.  Development of models for soil properties
Two approaches were used to model the target soil properties of pH, ECe, CEC, ESP, clay (%)
and sand (%). At Farm A (n=8) linear models were used on account of the low sample size. At
Farm C (n=18), linear models were compared with random forest (RF) models. For all models,
the mid-depth of each layer being assessed (0.05, 0.2, 0.45, 0.7, 0.9 m) was included as a

predictor variable, allowing for the modelling of each soil layer concurrently. Implementing
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this ‘3D’ modelling approach increases the cohesivity and interpretability of models and their
outputs while also increasing the number of samples used to build the model (Roudier et al.,
2020). Consequently, the number of samples used to build models increased to 40 (Farm A)
and 90 (Farm C).

For each soil property, graphical and statistical summaries were used to identify potential
outliers and determine if data transformations were required. If outliers were visually present,
and returned a z-score > 3, they were removed. On this basis, one high value outlier was
removed from the ECe dataset at Farm C. The overall skewness of the dataset was also
measured along with the relationship to predictor variables to consider if data transformations

were required.

Following the preparation of each soil property dataset, all remote and proximally sensed
covariates were included in the initial model. Model assumptions were assessed before a
Variance Inflation Factor (VIF) function was used from within the ‘car’ package in R to remove
variables on the basis of collinearity (Fox & Weisberg, 2019). In this instance, predictor
variables containing a VIF >10 were removed from the model. A simultaneous backwards and
forwards elimination was then undertaken using the stepAIC function within the R ‘MASS’
package to produce the most parsimonious model (Venables & Ripley, 2002). As the models
were used to predict all depths concurrently, depth was forced into each model at the beginning
of the process and was not allowed to be eliminated. This was repeated for each soil property.
Due to the higher number of samples at Farm C, RF models were also built for each soil
property to allow for a comparison of modelling approaches. Each of the RF models included

the same covariates as the corresponding linear model.

5.2.7.2.  Model validation
Model performance was assessed using a leave-one-site-out-cross-validation (LOSOCV). This
process trains the dataset on n-1 sites, with prediction occurring at all depths at the removed
site. This is repeated for all sites. It is considered beneficial for smaller datasets as it does not
rely on splitting the data into calibration and validation subsets. Model quality was assessed
using the Lin’s Concordance Correlation Coefficient (LCCC). As this statistic is unitless it
allows for comparisons between models (Lin, 1989). A LCCC value closer to 1 indicates a
higher quality model. In addition to this, the Root Mean Square Error (RMSE) and bias are

also reported.
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5.2.7.3.  Map production
For each soil property the selected model was predicted onto a 5 m grid of each paddock
utilising the spatial covariates included in the final model. As linear models can predict beyond
the extent of the training dataset, for each soil property a minimum and maximum prediction
was set. The minimum value was set to 5% below the minimum measured value, unless this
was negative, and the maximum 5% above the maximum measured value. This ensured
minimal overextrapolation of predicted values. If data was transformed, an appropriate back
transformation took place. Data was then subset into the five sample depths, converted to a

spatial dataframe and projected as a map.

5.3. Results

5.3.1. Production zone outputs

There is variability in the strength of relationships between crop yields across different years
at both Farm A and Farm C (Figure 5.5). With respect to cotton production, the strongest
correlations are observed at Farm C between the 2018 and 2019 cotton yields (0.43) and 2019
cotton and barley (0.36) (Figure 5.5). Farm A presents only a very weak correlation between
2020 wheat yield and 2018 cotton yield (0.18), however, a moderately positive correlation is
observed between the 2020 and 2021 wheat yields (0.41) (Figure 5.5).
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Figure 5.5. Correlation matrices between cotton (2018) and wheat (2020, 2021) yields in the examined
field at Farm A (left) and between cotton (2018, 2019), barley (2019) and wheat (2020) in the field at
Farm C (right). A correlation (1) closer to 1 indicates a strong, positive relationship while a number
closer to -1 a stronger negative relationship.
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Based on these correlations and discussions with stakeholders it was decided that 2020 wheat
and 2018 cotton would be used to develop production zones at Farm A. At Farm C 2018 and
2019 cotton as well as 2019 barley were used. At both Farm A (Figure 5.6) and Farm C (Figure
5.7) Cluster 1 represents the higher, and Cluster 2 the lower, yielding zone as shown by
extended boxplot whiskers and lower median yields (Figure 5.3; Figure 5.4). These clusters

align with spatially observed extremities in the raw yield data.

Cluster
2
1
Figure 5.6. Production zones at Farm A developed through k-means clustering incorporating 2018

cotton and 2020 wheat yields. Selected sampling sites are shown as black dots. At each site, soil cores
were extracted to a depth of one metre.
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Cluster

2
1

Figure 5.7. Production zones at Farm C developed through k-means clustering incorporating 2018
cotton, 2019 cotton and 2019 barley yields. Sites where soil cores were extracted to a depth of one
metre are shown as black dots.

The 2018 cotton crop at Farm A has a minimum yield of 4.2 bales/ha in Cluster 2 as opposed
to 6.7 bales/ha in Cluster 1 (Figure 5.8). The 2018 and 2019 cotton crops at Farm C have
minimum yields of 6.3 and 6.4 bales/ha, respectively, in Cluster 2 compared to minimum

corresponding yields of 11.4 and 11.5 bales/ha in the higher yielding Cluster 1 (Figure 5.9).
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Figure 5.8. Variability in crop yield for the two production zones (clusters) for 2020 (top right) and
2021 (top left) wheat (tonnes/ha) and 2018 cotton (bales/ha) (bottom left) crops at Farm A.
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Figure 5.9. Variability in crop yield between the two production zones (clusters) for 2019 barley
(tonnes/ha), 2020 wheat (tonnes/ha), and 2018 (bottom right) and 2019 (bottom left) cotton (bales/ha)
crops at Farm C.
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5.3.2. Soil variability between production zones

5321  pH

There is a general trend of increasing alkalinity with depth across all clusters at both farms
(Figure 5.10). At Farm A, both clusters exhibit the highest median pH at 0.6-0.8 m, with a
decrease at 0.8-1 m. There is significant variability within clusters at depths of 0-0.1 and 0.1-
0.3 m at Farm C and at all depths in Cluster 1 at Farm A. Despite the within cluster variability,
the higher yielding Cluster 1 at Farm A exhibits greater alkalinity than Cluster 2. The
differentiation between clusters at Farm C is less clear. At depths of 0.3-0.6, 0.6-0.8 and 0.8-1
m the pH of clusters 1 and 2 approaches and on occasion surpasses 9, a point where alkalinity

is likely to impede plant growth (Figure 5.10).
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Figure 5.10. The pH variability between the two production zones (clusters) at five sample depths for
the field at Farm A (left) and Farm C (right). The solid red line represents the point (pH 9) where
alkalinity is likely to significantly impact plant growth (Hazleton & Murphy, 2007).

5.3.2.2.  Electrical conductivity of the extract (ECe)
ECe increases with depth in both clusters at Farm C as well as in Cluster 1 at Farm A (Figure
5.11). At Farm A there is a clear difference in ECe between clusters at depth, where some
samples in Cluster 1 increase to exceed the salinity tolerance of wheat (6.0 dS/m) and cotton
(7.7 dS/m) at 0.8-1 m. Conversely, the measured ECe in Cluster 2 is below these levels,
decreasing slightly with depth. At Farm C, the median ECe of Cluster 1 is greater than Cluster
2 at all depths excluding the surface. Despite increasing ECe at depth, no measured values at

Farm C cross the salinity threshold for wheat or cotton (Figure 5.11).
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Figure 5.11. Variability at the five sampled depths for ECe (ds/m) between the two production zones
(clusters) at Farm A (left) and Farm C (right). The dashed and solid red lines indicate where salinity
will significantly impact wheat (6) and cotton (7.7) growth, respectively (Hazleton & Murphy, 2007).

5.3.2.3.  Cation exchange capacity (CEC)
There is a clear difference in CEC between clusters at Farm A (Figure 5.12). Cluster 1 exhibits
a significantly higher CEC at all depths, with the highest median values at 0.3-0.6 and 0.6-0.8
m before a slight decrease at 0.8-1 m. The inverse is seen in the lower yielding Cluster 2. A
similar, although less distinct, trend is observed at Farm C, with a higher median CEC in Cluster
1 at all depths. In Cluster 1 there is higher variability at depths of 0-0.1 and 0.1-0.3 m while
Cluster 2 exhibits greater within cluster variability below 0.3 m (Figure 5.12).
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Figure 5.12. Cation Exchange Capacity (CEC) (cmol(+)/kg) variability between the two production
zones (clusters) at five sample depths for the field at Farm A (left) and Farm C (right).
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5.3.2.4.  Exchangeable sodium percentage (ESP)

Clusters in both fields exhibit similar ESP values at depths of 0-0.1 and 0.1-0.3 m (Figure 5.13).
At Farm A, there is a clear delineation of ESP between clusters at depths of 0.3-0.6, 0.6-0.8
and 0.8-1 m where ESP increases towards 30% in Cluster 1, exceeding potential sodicity
thresholds. Conversely, ESP slightly decreases at these depths in Cluster 2. A similar trend is
observed between clusters at Farm C. While the median ESP decreases in Cluster 2 below 0.3
m, there is within-cluster variability and some samples exceed 10%. Median values for Cluster
1 at Farm C increase with depth. In this cluster some samples exceed 10% ESP at 0.3-0.6 and
0.6-0.8 m, and 15% ESP at 0.8-1 m (Figure 5.13).

cluster ~

0-0.1 0.1-03 0.3-0.6 0.6-0.8 0.8-1 0-0.1 0.1-03 0.3-0.6 0.6-0.8 0.8-1

Sample depth (m) Sample depth (m)

Figure 5.13. Variability in Exchangeable Sodium Percentage (ESP) (%) between production zones
(clusters) at Farm A (left) and Farm C (right). The solid red line (15%) and dashed red line (10%)
indicate two potential sodicity thresholds (Hazleton and Murphy, 2007; Pozza et al., 2022).

5.3.2.5.  Calcium to magnesium ratio (Ca:Mg)
There is variability in the Ca:Mg between clusters at Farm A, with Cluster 2 having a higher
median ratio at all depths (Figure 5.14). There are measured values below a level of 1 at all
depths for Cluster 2, however, the median remains above this level. Both clusters, in both fields,
show a decreasing trend in Ca:Mg from the surface to the 0.3-0.6 m before the ratio increases
beyond this depth. At Farm C there is less distinction in the Ca:Mg between clusters. The
median ratio is highest for both clusters at the surface (0-0.1 m). The ratio falls below a level
of 1 at one site, in Cluster 1 at 0.1-0.3 m, and multiple sites in both clusters at depths of 0.3-

0.6, 0.6-0.8 and 0.8-1 m. Within cluster variability also increases with depth (Figure 5.14).
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Figure 5.14. Variability of the Calcium to Magnesium ratio (Ca:Mg) between the two production
zones (clusters) at the five sample depths for the field at Farm A (left) Farm C (right). The solid red
line represents the point where calcium becomes deficient. A ratio lying between 1-4 suggest low
calcium and <1 suggests a calcium deficiency.

5.3.2.6.  Soil texture
Across both fields where sand content increases, clay content decreases. Due to this
relationship, where previous figures displayed plots for each farm by soil property, this section
will instead display sand and clay content adjacent to each other for each farm. There is a clear
distinction in soil texture between clusters at Farm A (Figure 5.15). Median values of sand
content exceed 75% at all depths in Cluster 2 while in Cluster 1 the median is below 37% at all
depths (Figure 5.15). The inverse is seen in clay content, with values significantly greater in

Cluster 1. There is no clear trend of texture changing at depth in either cluster (Figure 5.15).
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Figure 5.15. Variability of the sand (left) and clay (right) fractions as a percentage of soil between the
two production zones (clusters) at the five measured soil depths in the field at Farm A.

At Farm C there is a trending change of soil texture at depth, with soils becoming more clayey
down the profile (Figure 5.16). At all depths there is a higher median clay and lower median

sand content in Cluster 1. There is greater within-cluster variability in Cluster 2 (Figure 5.16).
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Figure 5.16. Variability of the sand (left) and clay (right) fractions as a percentage of soil between the
two production zones (clusters) at the five measured soil depths in the field at Farm C.

5.3.3. Soil point data correlations to crop yield

For this analysis the strength of correlations will be defined as strong (0.7-1), moderate (0.5-
0.7), weak (0.3-0.5) and very weak (0-0.3). Where the correlation statistic (r) is >0 the variable

shows a positive relationship while values <0 indicate a negative relationship. A value of 0
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indicates that the variables have no relationship while values of 1 or -1 indicate a perfect

positive or negative relationship, respectively.

53.3.1. FarmA
The soil properties most strongly correlated to crop yields are sand content and clay content,
representing soil texture. These correlations are strongest at 0.6-0.8 m where sand and clay
share strong correlations of -0.96 and 0.95 to cotton yield, respectively (Figure 5.17). At all
depths, correlations are >0.89 (clay) and <-0.87 (sand) (Figure 5.17).

As individual cations (K*, Mg*" and Ca*") and CEC are strongly positively correlated to clay
content, they are also moderately-to-strongly positively correlated to cotton yield at all depths,
with values >0.72 (Figure 5.17). ESP is moderately positively correlated to cotton yield at 0.3-
0.6 and 0.6-0.8 m (0.75), however, exhibits a very weak, but still positive correlation at the
surface (0.12).

The influence of ECe on cotton yield varies with depth, exhibiting a moderately negative
correlation at the surface (-0.54) compared to a moderately strong correlation (0.68) at 0.6-0.8
m (Figure 5.17). The relationship between pH and cotton yield increases from very weak (0.27)
at the surface to moderate (0.71) at 0.6-0.8 m. Similar correlation trends are observed for 2020
and 2021 wheat yields, however, the strongest correlations are with the 2021 wheat crop yields

and ECe (0.76), pH (0.89) and ESP (0.92) at 0.6-0.8 m (Figure 5.17).

There are also strong correlations between soil properties, with these being most significant at
0.6-0.8 m (Figure 5.17). Sand exhibits a moderate negative correlation to ESP (-0.62) and ECe
(-0.67) and strong negative correlations to all other soil properties. Correlations between clay
content and soil properties are the inverse of sand. A weak negative correlation is seen between
pH and ECe the surface (-0.41) compared to a moderately positive correlation of 0.58 at 0.6-
0.8 m while the strength of the correlation between pH and ESP increases from 0.18 to 0.93
between these depths (Figure 5.17).

53.3.2. FarmC
At Farm C the strongest correlations between cotton yield and soil attributes are with sand
content and clay content at 0.3-0.6 and 0.6-0.8 m (Figure 5.18). At 0.3-0.6 m the relationship
between sand content and 2018 cotton (-0.64) is more strongly negative than 2019 cotton (-
0.53). The relationship becomes more similar at 0.6-0.8 m with values of -0.58 (2018 cotton)
and -0.60 (2019 cotton). The inverse is true for clay content, which is more strongly correlated

to 2018 cotton at 0.6-0.8 m (0.66) than 0.3-0.6 m (0.59) (Figure 5.18). Despite this variability
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the relationship between subsoil texture and cotton lint yields is clear, with more clayey soils
positively correlated to crop yield. Generally, the depths where the strongest correlations occur

between soil attributes and cotton yield varies more at Farm C than at Farm A.

As CEC is moderately-to-strongly correlated to clay content it shares similar correlations with
cotton yields (Figure 5.18). These are strongest at 0.6-0.8 m, with moderate positive
correlations to both 2018 (0.52) and 2019 (0.58) cotton yield. ESP is most strongly correlated
to 2018 cotton yield at 0.3-0.6 m (0.49) and 2019 cotton at 0.6-0.8 m (0.44).

A very weak, negative correlation is seen between pH and 2019 cotton yield at the surface (-
0.11) and 0.8-1 m (-0.28) with a moderate correlation to 2018 yield at this depth (-0.35). Soil
ECe is weakly negatively correlated to 2019 cotton yield (-0.11) at the surface compared to a
moderately positive correlation (0.51) at 0.6-0.8 m (Figure 5.18).

Correlations are weaker between soil properties and non-cotton crop yields (Figure 5.18). Sand
content (-0.71) and clay content (0.68), however, exhibit strong or moderate correlations with
barley at 0.6-0.8 m. At 0-0.1 and 0.1-0.3 m pH shows moderate negative correlations with
wheat of -0.58 and -0.49, respectively. At these depths there is only a very weak correlation
between pH and cotton yield. At 0-0.1 and 0.1-0.3 m ECe showcases correlations of 0.25 and
-0.4 with wheat yield, respectively (Figure 5.18).

The strongest correlations between soil properties are seen between texture (sand and clay) and
exchangeable cations at 0.3-0.6 m (Figure 5.18). Unlike Farm A, pH has a moderate correlation
to ECe at all depths, with the relationship strongest at 0.1-0.3 m (0.55). Soil ESP shares a
negative correlation to pH (-0.06) and ECe (-0.37) at 0.1-0.3 m compared to moderately
positive correlations of 0.55 and 0.51, respectively, at 0.6-0.8 m. CEC is moderately positively
correlated to pH at 0-0.1 m (0.67) compared to a negative correlation (-0.31) at 0.6-0.8 m
(Figure 5.18).
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Figure 5.17. Point data correlation matrices between measured soil properties and crop yields at the
five sample depths (0-0.1, 0.1-0.3, 0.3-0.6, 0.6-0.8 and 0.8-1) for sample points at Farm A. Values
approaching 1, dark blue, show a strong positive correlation while values approaching -1, dark red,
indicate a strong negative correlation. A value of 0 indicates there is no correlation between data.
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Figure 5.18. Point data correlation matrices between measured soil properties and crop yields at the

measured depths (0-0.1, 0.1-0.3, 0.3-0.6, 0.6-0.8 and 0

.8-1) for sample points at Farm C. Values

approaching 1, dark blue, show a strong positive correlation while values approaching -1, dark red,
indicate a strong negative correlation. A value of 0 indicates there is no correlation between data.
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5.3.4. Soil spatial variability

5.3.4.1. Final model covariates and validation statistics

To allow for concurrent predictions at multiple depths, layer mid-depth (0.05, 0.2, 0.45, 0.7,
0.9 m) was included as a predictor variable in all models. At Farm A, the model for ECe
contained only mid-depth and ECa 300 as predictor variables (Table 5.2). In all other models
at Farm A mid-depth, ECa 300 and Gamma U were the predictors that remained following the
VIF function and stepwise deletion of variables (Table 5.2). Using a LOSOCV the highest
quality linear models generated at Farm A were for CEC, ESP and sand (%), with a moderate
LCCC of 0.65 (Table 5.2). The lowest quality model, as indicated by the LCCC obtained
through the LOSOCYV, was for ECe, with a LCCC of 0.45 (Table 5.2). All models exhibit high
RMSE with signs of over and under prediction for sand and clay content, respectively (Table
5.2). The CEC dataset was transformed prior to modelling. This occurred as the initial
prediction of CEC were poor with a LOSOCV LCCC of 0.51 which improved to 0.65 after

undergoing a logarithmic transformation.

Table 5.2. Model quality statistics for the linear models developed at Farm A. * Indicates that data was
transformed

Attribute Model covariates LCCC RMSE Bias
pH Mid-depth 0.55 0.53 -0.01
ECa 300
Gamma U
ECe Mid-depth 0.45 0.76 0.01
ECa300
CEC* Mid-depth 0.65 0.96 -0.12
ECa 300
Gamma U
ESP Mid-depth 0.65 7.51 0.56
ECa 300
Gamma U
Sand (%) Mid-depth 0.65 22.68 2.06
ECa 300
Gamma U
Clay (%) Mid-depth 0.57 17.97 -1.32
ECa 300
Gamma U

A wider variety of predictor variables remained in the final models at Farm C (Table 5.3). All
soil property models included depth, ECa 50 and Gamma K (Table 5.3). Unlike Farm A,
remotely sensed covariates remained in models following the VIF function and stepwise
deletion. Silica was a predictor variable in all models, excluding ESP; TWI was a predictor for

ECe, CEC, ESP and clay (%); and NIR was used in models for sand (%), ESP and ECe (Table
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5.3). Linear models produced better model statistics than RF models for all soil attributes at
Farm C and were, therefore, chosen to make predictions for all soil properties (Table 5.3).
Using a LOSOCYV the highest quality model was for CEC, with a LCCC of 0.73, while the
lowest quality linear model was for ESP, with a LCCC of 0.62 (Table 5.3). There is negligible
bias for each soil attribute model. With the exclusion of pH, the RMSE is lower than for the
respective models at Farm A (Table 5.2; Table 5.3). The RMSE cannot be compared between

farms for the CEC models as the data at Farm A had been transformed.

Table 5.3. Model quality statistics for both linear and random forest models developed to predict soil
attributes at Farm C. ~Indicates that an outlier was removed prior to modelling

Attribute Model covariates Model type LCCC RMSE Bias

pH Mid-depth Linear 0.68 0.57 -0.01

Elevation Random Forest 0.62 0.56 -0.03
ECa 50

Gamma K
Gamma Th
Silica

ECe? Mid-depth Linear 0.72 0.61 0.02

ECa 50 Random Forest 0.59 0.68 0.03
Gamma K
Gamma Th
NIR
TWI
Silica

CEC Mid-depth Linear 0.73 4.80 0.19

Elevation Random Forest 0.50 5.75 0.11
ECa 50
Gamma K
TWI
Silica

ESP Mid-depth Linear 0.62 2.95 0.09

ECa 50 Random Forest 0.39 3.32 0.12
Gamma K
Gamma Th
NIR
TWI

Sand (%) Mid-depth Linear 0.70 7.49 -0.10

Elevation Random Forest 0.47 8.76 -0.42
ECa 50
Gamma K
NIR
Silica

Clay (%) Mid-depth Linear 0.69 6.97 0.41

Elevation Random Forest 0.50 7.94 0.50
ECa 50
Gamma K
TWI
Silica
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5.3.4.2.  Digital soil maps

5.3.4.3. FarmA
There is a clear spatial relationship between the maps of CEC, sand content and clay content,
with sand content lower where CEC and clay content are higher (Figure 5.19). This trend
matches yield variability and is consistent with cluster variability and point correlations. For
these three soil properties, while there is significant spatial variability, there is minimal change
predicted vertically between the five mapped depths (Figure 5.19). The maps of ESP, pH and
ECe showcase a similar trend spatially but with greater differentiation vertically. As depth

increases, the predicted values of ECe, ESP and pH also increase (Figure 5.20).

53.44. FarmC
There is a strong spatial relationship between the CEC, sand and clay content maps, however,
unlike Farm A there is clearer change in predicted values with depth (Figure 5.21). The CEC,
clay and sand maps show slight banding relating to the elevation covariate data, however, the
models still appropriately predict trends consistent with point data measurements (Figure 5.21).
There is predicted variability both spatial and vertically for ESP, ECe and pH with each attribute
predicted to increase down the soil profile (Figure 5.22).
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Figure 5.19. Digital soil maps at a 5 m resolution for clay (%) (left), sand (%) (centre) and cation exchange capacity (CEC) (cmol(+)/kg) (right) at Farm A

169



Chapter 5 — Within-field variability

T

Figure 5.20. Digital soil maps at a 5 m resolution for pH (left), electrical conductivity of the extract (ECe) (dS/m) (centre) and exchangeable sodium
percentage (ESP) (right) at Farm A.
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Figure 5.21. Digital soil maps at a 5 m resolution for clay (%) (left), sand (%) (centre) and cation exchange capacity (CEC) (cmol(+)/kg) (right) at Farm C.
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Figure 5.22. Digital soil maps at a 5 m resolution for pH (left), electrical conductivity of the extract (ECe) (dS/m) (centre) and exchangeable sodium

percentage (ESP) (right) at Farm C.
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5.4. Discussion

5.4.1. Influence of palaeochannel systems on soil variability

The influence of palacochannel systems on soil morphological variability has been discussed
in the preceding chapter. This study identifies that this variability influences cotton lint yields.
The characteristics of the palaeochannel system determines the extent of soil variability,
resulting in a clearer differentiation of soil attributes between clusters at Farm A. This aligns
with the morphological descriptions of the deep sandy and heavy clay soils that were dominant
at this site where a terminal palaeochannel anabranch associated with the Gum Creek system
(Page & Nanson, 1996) has incised across the paddock. Due to the significant contrast between
the heavy clay and deep sandy soils, there is greater spatial variability in measured soil
properties, excluding the Ca:Mg, at Farm A than Farm C. At Farm C there is greater variability
vertically within soil profiles, suggesting areas with more pedologically developed profiles,
attributed primarily to the texture contrast or transitional earth soils located centrally within the

paddock.

5.4.2. Production Zones

The production zones developed using yield data created two clusters that broadly align with
noted morphological variability. While there is an indication of irrigation tail drain and head
ditch effects, the poorer yielding clusters generally align with the identified sandier areas of
each paddock. These production zones were created only to assess yield variability across each
field. When developing management zones, however, there are other approaches that warrant
investigation that incorporate proximally and/or remotely sensed data. Within literature there
is conjecture around which approach is optimal. Hornung et al. (2006) found that a soil-colour-
based management zone approach incorporating only bare-soil imagery, topography and farmer
knowledge was better at classifying grain yield patterns than an approach which also
incorporated CEC, soil texture and the previous year’s yield data. Conceicao et al. (2024)
present a methodology targeted to farmers which delineates management zones utilising
remotely sensed data, proximally sensed electrical conductivity and sampled soil sand content
and exchangeable calcium. Leo (2022) found that management zones derived from remotely
sensed vegetation indices outperformed those developed using soil data or soil data and
vegetation indices. Such methodological considerations are important as not all farmers

maintain or have access to quality yield or proximally sensed data.
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5.4.3. Soil texture and drivers of cotton yield variability

This study has identified the significant impact that inherent soil properties have on irrigated
cotton yields. Despite the moderate-to-strong correlations between ‘manageable’ soil
properties, including pH and ESP, the point correlations and variability between production
zones show yield is primarily driven by soil texture. This relationship is stronger at Farm A
than Farm C, however, across both paddocks higher yields are positively correlated to clay
content with the inverse true for sand content. Within-field variability in soil texture has multi-

level impacts on the soil-yield relationship.

The primary impact on crop yields is through water holding capacity and hydraulic
conductivity, with more clayey soils able to hold water more tightly between soil particles
(Hake and Grimes, 2010). Water also moves through the profile more rapidly in the sandier
soils (Hazleton & Murphy, 2007). Both paddocks in this study are flood irrigated either using
siphons over banks and furrows or a pontoon system. Flood irrigation is well suited to soils
with low-medium infiltration rates and higher water holding capacities (North & Schultz,
2017). Both fields, however, do not have textural homogeneity, with this study showing that
under these systems sandy areas exhibit lower yields. Soil texture also has secondary impacts
on crop yield correlations. As CEC is strongly positively correlated to clay content, for
example, it also exhibits a strong positive correlation to cotton lint yields. A lower CEC also
reduces the buffering capacity of soil, resulting in potential increases to pH following fertiliser
application and base cation leaching (Lesturgez et al., 2006). This may explain the more acidic
soils in the lower yielding, Cluster 2 at Farm A, where pH is positively correlated to cotton
yield. When comparing this site to Farm C, the impact of extreme alkalinity is witnessed. At
Farm C, the subsoil pH in both clusters approaches a limiting threshold of 9 (Hazleton &
Murphy, 2007). Where this occurs the positive correlation between pH and yield at the surface

becomes negative at depth (>0.6 m).

In considering these results more broadly, the impact of soil properties is not consistent between
these two farms and will not be consistent across the entire region. Instead, the relationship
will depend on the management system in association with the full suite of soil attributes.
Voires et al. (2021) identified that more sandy soils produced lower cotton seed yields under
pivot irrigation. In contrast, Ping et al. (2007) identified, on loamy soils in the Texas high plains,
that a low pH and high sand content were associated with higher cotton yielding areas grown

under centre-pivot irrigation. In a rainfed system with silty clay loam soils in Mississippi, Cox
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et al. (2005), however, found that neither sand nor clay content were significantly correlated to

lint yield in two paddocks over two growing seasons.

This study highlights the importance of not examining individual soil attributes, and their
relationship to crop yield, in isolation. Along with alkalinity two constraints commonly
researched in association with crop production are salinity and sodicity (Cattle & Field, 2013;
Dagar et al., 2022; Dang et al., 2022; Orton et al., 2018). At all depths and in both paddocks
ECe and ESP, measures of salinity and sodicity, respectively, are positively correlated to cotton
yield (excluding ECe at 0-0.1 m). At Farm A, specifically, all samples in the higher yielding
cluster at depths >0.6 m are considered extremely sodic while multiple samples also exceed
the cotton salinity threshold (Hazleton & Murphy, 2007; Tilse et al., 2022). If these levels were
examined in isolation they would be considered highly limiting and having surpassed levels
where amendments for sodicity are likely to improve yield (Dodd et al., 2013b). In these
instances, however, a high ESP is positively correlated to cotton yield. The observations here
are different to those of Nachimuthu et al. (2024) who found a higher ESP significantly reduced
cotton yields in a paired field comparison near Griffith. In their study both sites exhibited an
ESP <10 and were uniformly clayey (>45%), classified as Dermosols (Nachimuthu et al.,
2024). In more homogeneously textured fields it may be appropriate to focus on sodicity,
however, where texture is highly variable an emphasis on this is required. This is because ESP
itself is strongly related to clay content, with this study demonstrating that the latter has a
stronger influence on cotton lint yields when texture is highly variable. Future work could
subset the correlations by production zones or individual sample points to examine this

relationship more deeply.

Also of note is that the strongest point correlations between soil attributes and yield are seen in
the subsoil. This is of interest as commercial sampling operations often focus on the 0-0.3 m
soil layer due to the cost and labour-intensive nature of this exercise. The significance of this
depth is likely due to changing water requirements and plant rooting depths throughout the
growing season (CRDC & CottonInfo, 2023). Early in the growing season the plant is only
drawing water from the upper layers of the soil. Throughout the season, however, the increased
rooting depth and plant water requirements, which are greatest 110-130 days after sowing,
require more water to be extracted from stores at depth (CRDC & Cottonlnfo, 2023; Datta et
al., 2019). In more clayey soils this is possible, however, where there is a lower clay content
there is less moisture stored between irrigation cycles limiting plant growth and eventual lint

yield. Previous work by Ulfa et al. (2023) established that constraints in the subsoil impact late
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season crop growth while Tilse et al. (2022) examined the production losses resulting from
reductions in available water capacity, albeit resulting from chemical constraints and not
texture, on crop yields. Thorp et al. (2020) also suggested that the first irrigation, when plant

roots are shallowest, is not as strongly linked to fibre quality or yield as subsequent irrigations.

5.4.4. Digital soil models and maps

This study highlights the ability of simple linear models to predict soil properties with
moderate-to-good quality when assessed using the LCCC from a LOSOCYV. Linear models are
not widely considered in recent DSM literature, with most focussing on machine learning
methods (Khaledian & Miller, 2020). They may, however, present an opportunity for bespoke
DSMs with small datasets. The high error (RMSE) seen in linear models for CEC, sand and
clay content at Farm A is expected given the small sample size and significant measured
variability. At Farm C, linear models outperform RF models when assessed using the LOSOCV
and produced superior model statistics than their equivalents at Farm A. This highlights the
potential impact of sample size on model quality, suggesting the benefits of increased data
points. In a practical sense, however, this may not always be financially feasible so the
development of products from smaller datasets is important and linear models are well suited
to this. This increase in sample size may have also allowed for better differentiation of
variability in remotely sensed covariates across the paddock, resulting in a more diverse range
of spatial predictors being included in the final models at Farm C. This is a potential source of
model improvement, with Filippi et al. (2024) highlighting that bespoke models incorporating
remote and proximally sensed covariates outperform those that use only one or the other. When
visually assessed, the resulting maps align with anecdotal understandings of variability. There
have not been any similar studies within the region to directly compare these results to, with
Kidd et al. (2020) noting that the development of DSMs at the farm or paddock scale is often
undertaken by private industry. This is, however, an area that could be of significant value to

farmers, especially where high soil variability is present.

5.4.5. Agronomic and management considerations

While previously mapped plant limiting thresholds for sodicity, alkalinity and salinity (Tilse et
al., 2022) have been identified in one or both paddocks, at the paddock scale these are not the
most significant drivers of yield. As such, it would not be in the economic interest of farmers

to fixate on these attributes. This supports ideas conveyed by Bennett et al. (2014) who made
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clear the need to assess the economic feasibility of ameliorating soil constraints. So, while
chemical data suggests that amelioration of chemical constraints may be required, the primary
focus should first be on managing the most limiting areas of each paddock, these being the

sandy soils.

The first consideration should be options to implement overhead centre pivot or lateral move
systems, especially at Farm A, which are capable of variable rate irrigation that is not possible
under the presently used surface systems. On the Texas plains, sand content was identified as
a positive contributor to cotton lint yields irrigated using pivots on loamy soils (Ping et al.,
2007). The ability to apply water more precisely under these systems is important as the texture-
caused limitations cannot be overcome by simply irrigating more regularly, with Neupane et
al. (2021) identifying that soils with >50% sand content do not respond to higher irrigation
rates. Further efficiencies may result from the implementation of variable rate irrigation,
considerations for which are described by Neupane and Guo (2019) and McCarthy et al. (2023).
Irrigation decisions can then be informed through moisture sensors in morphologically distinct
zones of each paddock to account for soil variability (Sui, 2017). Despite their potential
applicability to the region, there has not been specific research examining these systems in the
Murrumbidgee. Alongside improving water use efficiency due to their suitability for lighter
textured soils there is also the capacity to improve nitrogen use efficiency through fertigation
(Antille, 2018; North, 2017; Scheer et al., 2023). Benefits of this and zonal application of inputs

is discussed in more detail below.

There is the capacity to increase the value of the developed bespoke DSM products. One
approach to improve the accuracy of paddock-scale models is to collate data from multiple
paddocks, farms or available data sources as undertaken by Filippi et al. (2019a). While this
study has mapped five depths concurrently in each field, this may not be of maximum value to
stakeholders. One option to reduce the dimensionality of this data, while retaining necessary
detail, is through the development of decision-making tools such as depth to constraint maps
(Filippi et al., 2019b). At the farm scale, Tilse et al. (2022) highlighted the potential for depth
to constraint maps to be used to quantify yield losses and constrained plant available water
capacity by identifying the depth where constraints are reached. There is the potential for such
maps of be of particular use at Farm C, where pH is demonstrated to exceed the plant limiting

alkalinity threshold (pH>9) and have negative correlations to yield below 0.6 m.

The identification of strong relationships between inherent soil properties and cotton yields in

the subsoil is important. While needed to inform management decisions, the cost and intensive

177



Chapter 5 — Within-field variability

nature of soil sampling can be inhibiting factors for landowners (Condon, 2019; Viscarra Rossel
& McBratney, 1998). Bennett et al. (2021) provided a detailed discussion on this in relation to
the cost-benefits of DSM, also noting that there has been too strong a focus on nutrient status
in the topsoil, with the subsoil and inherent properties often overlooked. The implementation
of management zones through the utilisation of yield, soil, proximal or remotely sensed data
can assist with this (Mallarino & Wittry, 2004; Nawar et al., 2017). By clustering representative
areas of the paddock, as undertaken in this study, there is the capacity for samples to be taken
at fewer sites and lower costs while still representing the entire area. Consequently, this may
allow for a greater number of subsoil samples to be extracted without increasing the overall
number samples analysed. It is important to communicate this with stakeholders so that they

understand the potential benefits associated with zonal, as distinct from grid, sampling.

The increased homogeneity within developed production or management zones can also be of
financial benefits resulting from targeted agronomic decisions (Whelan & McBratney, 2000).
An application of zonal, or site specific, management in these specific paddocks may begin by
determining the maximum yield potential based on each zone’s inherent soil properties
(Whelan & McBratney, 2003). Management decisions can then be made to achieve target yields
based on these benchmarks, rather than attempting to achieve homogeneous yields, which is
an impossible task given the soil variability and demonstrated influence on lint yield. In these
paddocks lower, but achievable, yield targets can be set in the sandier areas, with higher targets
in the more clayey zones. Variable rate input applications can then be applied zonally based on
this production capacity, with lower rates in sandy zones resulting in environmental and
economic benefits. This is a particularly important consideration as over-applications of
nitrogen are common in the Australian cotton industry (Macdonald et al., 2018). This results in
negative financial, through reduced nitrogen use efficiency, and environmental, including
through surface runoff, impacts (Brackin et al., 2018; Macdonald et a., 2016). Increasing
fertiliser use efficiency by avoiding over-application can also reduce greenhouse gas emissions
at the farm scale (Badgery et al, 2024; Grace et al., 2016; Snyder et al., 2009). This is likely to
become an important consideration for farmers as they may be required to account for their
emissions as food and fibre supply chains continue toward net-zero emissions goals (Badgery

et al, 2024).
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5.5. Conclusions

This study has shown that on the highly variable soils of the lower Murrumbidgee valley the
relationship between soil properties and cotton yield is complex, with soil texture identified as
the primary driver of cotton lint yields. It is deduced that the main impact of texture variability
is through water holding capacity. This reduces the efficacy of flood, including furrow and
pontoon, irrigation systems. A point correlation (r) analysis was able to identify this trend. At
Farm A, clay content exhibited a >0.89 correlation with cotton lint yield at all examined depths.
This analysis also showed that the strongest correlations between soil properties and crop yields
occurred at a depth of 0.6-0.8 m, suggesting a need to sample and analyse the subsoil.
Interestingly, soil properties including ESP and ECe approached, and on occasion, exceeded
previously identified plant thresholds of 15% and 7.7 (dS/m), respectively. Despite this,
generally positive correlations to crop yield were observed. For ESP across both farms and at
all depths the positive correlation (r) to cotton lint yield varied from 0.06-0.75. This highlights
the need to understand the soil in its entirety, not just soil attributes individually. The
development of production zones utilising yield data was able to partition the paddock into
clusters that were representative of the soil-yield relationship, whereby, lower yielding clusters
were sandier. The utilisation of these zones can allow for improved overall productivity by
applying inputs based on the production potential of each zone. Lastly, it was shown that simple
linear models can predict soil properties at the within-field scale to a moderate-to-good quality.
At Farm A, LCCC values obtained from a LOSOCYV ranged from 0.45-0.65. At Farm C linear
models outperformed random forest models, with LCCCs in the former varying from 0.62-
0.73. At Farm C, an increased sample size corresponded to increases in both model quality and
the suite of covariates retained during the modelling process. Future work should examine the
potential of variable rate irrigation through overhead pivot or lateral move systems in southern

NSW, where the soil and resulting yield variability identified in this study is widespread.
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Chapter 6

6. Using digital soil mapping as a tool to understand the
spatial distribution of soil properties in the lower

Murrumbidgee valley
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6.1. Abstract

The evolution of digital soil mapping (DSM) has seen it progress from a research topic to a
tool that can be implemented to understand the spatial variability of soil properties at different
scales. Previous studies have identified that state, national, or global DSM products may be
ineffective at identifying fine scale soil variability, an understanding of which is essential for
developing sustainable management practices. This study uses DSMs as a tool to map the
variability of soil pH, exchangeable sodium percentage (ESP), soil electrical conductivity of
the extract (ECe), cation exchange capacity (CEC), sand content and clay content at the
regional level to a 90 m resolution in the lower Murrumbidgee of southern NSW. Extreme
Gradient Boosting (XGBoost) models were developed using selected covariates and soil data
from 153 sites at five depths (0-0.1, 0.1-0.3, 0.3-0.6, 0.6-0.8, 0.8-1 m) to make predictions of
the soil properties. Layer mid-depth was incorporated as a predictor, allowing for ‘3D’ models
to be produced that predicted each of the depth increments concurrently. Models were assessed
using a leave-one-site-out-cross-validation (LOSOCV) with the Lin’s Concordance Correlation
Coefficient (LCCC) used to measure model quality. The quality of the different models varied,
with LCCCs of 0.45 (ECe) to 0.58 (clay). An external point support validation was performed
on presently available state, national and global DSMs for clay content at depths of 0.3-0.6 and
0.6-1 m using the data collected for this study. The state, national and global models performed
more poorly than their reported values, with LCCCs of the three products ranging from 0.11-
0.5 and 0.07-0.36 at depths of 0.3-0.6 and 0.6-1 m, respectively, in the external point validation.
At both depths the global product performed the worst, and the state product the best. This
study showcases the potential of more specific, regional DSMs to accurately identify landscape
variability at finer scale. It also highlights the importance of assessing pedological validity of

DSM outputs and utilising landscape knowledge when collating spatial covariates.
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6.2. Introduction

An understanding of individual soil properties at a given location is essential in guiding
sustainable management, implementing precision agricultural practices and allowing for
informed policy decisions. Broadscale digital soil map (DSM) products, however, have been
demonstrated as ineffective at identifying variability at this support (Han et al., 2022). A
regionally focused DSM approach was identified by Searle et al. (2021) as a means to improve
accuracy at the finer farm support, while Brungard et al. (2021) found that physiographic sub-
region specific models outperformed those for a wider area. Lowland areas, a term
encompassing coastal areas as well as deltas and floodplains such as the lower Murrumbidgee
valley, are rarely the target of digital soil mapping activities as noted by Adeniyi et al. (2024).
Holland and Eastwood (2014) identified that an improved, accurate understanding of the spatial

variability of soil properties was required within the lower Murrumbidgee valley.

Improvements in computational capacity and the accessibility of quality spatial data has seen
studies implementing DSM increase significantly since the year 2000 (Minasny and
McBratney, 2016). While maps produced through DSM serve the same purpose as traditional
soil surveys, that being the conveyance of information at a given location, these products do
not rely on conceptual understandings of landscapes and are not as cost and labour intensive to
produce. In early research, McBratney et al. (2003) formalised a quantitative approach built on
empirical relationships between measurements relating to soil properties or classes and spatial
data. This ‘scorpan’ model allows for the prediction of a soil property, or class, as a function of
soil (s), climate (C), organisms (0), relief (r), parent material (p), age (a) and spatial position
(m) (McBratney et al., 2003). There are numerous resources available detailing the
methodologies for producing digital soil maps and reviewing the field more broadly (Arrouays
etal.,2020; Kidd et al., 2020; Malone et al., 2017a ; McBratney et al., 2003). Diverse modelling
methods can be applied to DSM exercises, with the most appropriate contingent on the study’s
aims. Over the last decade there has been an exponential increase in machine learning (ML)
approaches being used for DSM, with random forest (RF) algorithms the most reported in
literature (Khaledian and Miller, 2020). In studies specifically focused on lowland areas, akin
to that of this study, Adeniyi et al. (2024) note that RF algorithms are those most used. Extreme
gradient boosting (XGBoost) models have also been demonstrated as effective in modelling a
range of soil properties (Chinchmalatpure et al., 2023; Hengl et al., 2017b; Ramcharan et al.,
2018; Shirazi et al., 2024; Zhang et al., 2022), with Meier et al. (2018) noting that a particular

benefit of XGBoost models is their capacity to work with sparse data.

182



Chapter 6 — Digital Soil Mapping

DSM allows for spatial covariates to be used to represent the features of the ‘scorpan’ equation.
Richer-de-Forges et al. (2023) review the role of remotely sensed data in DSM; Maino et al.
(2022) discuss the specific role of radiometric covariates in predicting soil texture; while
Adeniyi et al. (2024) note that covariates representing organisms (O) and relief (R) are the most
common in lowland DSM studies. Given the breadth of publicly available data, specific
considerations should be taken when selecting covariates and drawing conclusions on their
model impacts. Wadoux et al. (2019) emphasise the need for caution, where, just because a
relationship exists does not mean it is related to soil processes, while Jones et al. (2022)
showcase the potential of Shapley Additive exPlanations (SHAP), an approach based on game

theory, to assist in identifying the specific contributions of each predictor variable to the model.

Rather than developing models for each individual depth increment (2D) the incorporation of
depth as a predictor variable allows for multiple soil depths to be predicted concurrently,
referred to as ‘2.5 or ‘3D’ modelling (Brus et al., 2016; Rentschler et al., 2019; Roudier et al.,
2020; Zhang et al., 2020). This can improve models for certain soil properties, where depth is
linked to pedological processes, allowing them to be more dynamic with multiple depths
predicted concurrently, potentially increasing the interpretability of outputs to meet stakeholder
needs (Roudier et al., 2020). The impact of this approach on model quality varies depending
on the attribute being modelled, with care required as models may exhibit larger prediction

uncertainties (Roudier et al., 2020).

Various methods are available to validate model performances, with Piikki et al. (2020)
reviewing the prolificity of methods in literature and noting cross-validation to be most
common. They also emphasised issues in interpreting the reported statistics where essential
information is missing (Piikki et al., 2020). The implementation of different validation methods
is known to impact the model quality statistics, as shown by Pozza at el. (2022). Khaledian and
Miller (2020) emphasised the importance of undertaking a cross validation to test model
performance and allow comparisons between modelling projects. An expert consideration of
the spatial patterns resulting from models is also important, with high quality model statistics
not necessarily meaning the map produced will be pedologically valid (Padarian Campusano,
2014; Bui et al., 2020; Kidd et al., 2020). The optimal resolution, or support, for predictions to
be made varies depending on numerous factors including the input covariates, soil attribute,

soil heterogeneity and study aims (Bishop et al., 2015; Piedallu et al., 2022).

Across the lower Murrumbidgee valley there are three main DSM products available, which

can be considered as state (Gray 2023), national (Grundy et al., 2015; Viscarra Rossel et al.,
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2014) and global (Hengl et al., 2017a; Poggio et al., 2021). While these DSMs report moderate
to good validation statistics, Han et al., (2022) identify that these models performed poorly

when validated against external datasets form 14 different farms across eastern Australia.

This study will use DSM as an operational tool at the regional level to improve understandings
of the spatial variability of specific soil properties at depths of 0-0.1, 0.1-0.3, 0.3-0.6, 0.6-0.8
and 0.8-1 m across the lower Murrumbidgee valley. XGBoost models will be developed to
predict pH, exchangeable sodium percentage (ESP), soil electrical conductivity of the extract
(ECe), cation exchange capacity (CEC), sand content and clay content at the five depths
concurrently. Alongside statistical analysis, expert landscape knowledge obtained through
reviewing geomorphological resources will be used to guide covariate selection and assist in
determining the most optimal model. Lastly, a brief analysis will occur to assess the accuracy
of the presently available state, national and global DSMs at the point support within this study

arca.

6.3. Materials and methods

6.3.1. Soil sampling and soil property datasets

This study utilised the ‘full-dataset’ as described in Chapter 3, containing 153 soil cores from
across the study area. All data processing and analysis for this study occurred using the program
‘R” (R Core Team, 2023). Once returned to the laboratory cores were morphologically
described before being subsampled at five depth increments (0-0.1, 0.1-0.3, 0.3-0.6, 0.6-0.8
and 0.8-1 m). Each subsample was then air dried (40°C) before being ground to pass through a

2 mm sieve.

Soil pH and electrical conductivity (EC) were measured in a 1:5 soil:water solution using a
SevenCompactTM s220 pH/Ion meter and S230 Conductivity meter, respectively. Soil EC was
converted to electrical conductivity of the extract (ECe) using a conversion factor based on soil
texture. For each subsample, soil was sent for external analysis of base cations (Ca**, Mg**, K*
and Na") using the 15C1 method of Rayment and Lyons (2011) from which cation exchange
capacity (CEC) and exchangeable sodium percentage (ESP) were determined. After being
finely hand ground, all samples were scanned using a contact probe on an ASF Agrispec
spectrophotometer (Malvern Panalytical, Boulder, Co, USA). This spectral dataset was used to
identify a representative subset of data to undergo particle size analysis testing using the pipette

method (Glendon & Or, 2002). Utilising this spectral and measured data, cubist models were
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developed to predict clay (%) and sand (%) for all samples. A detailed discussion of the
methodologies used in this study is provided in Chapter 3 of this thesis.

Once curated into a data frame, summary statistics for each soil property at each measured

depth were generated.

6.3.2. Covariate selection

A set of predictor variables (Table 6.1) was obtained based on the SCORPAN approach to digital
soil mapping (McBratney et al., 2003). More detail surrounding the obtaining of covariates and
this approach is provided in Chapter 3. The covariates in this study can be considered as
satellite attributes (Figure 6.1), radiometric attributes and geological data (Figure 6.2) and
terrain attributes (Figure 6.3). Once downloaded, each predictor variable was resampled on a
90 m grid using the ‘bilinear’ method. While DSMs are now commonly produced at finer
resolutions, 90 m was chosen as Han et al. (2022) demonstrate that just because predictions are
at a fine scale does not mean models are improved. Once at a 90 m resolution, a data cube with
measured soil properties and predictor variables was created through the extraction of each
covariate at each sample location. A variance inflation factor (VIF) function was then
implemented with a threshold of 10 (Fox and Monette, 1992; Fox and Weisberg, 2019). This
function identifies and removes variables that exceed the set threshold with the purpose of

reducing multicollinearity amongst the covariates in the predictor dataset.
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Table 6.1. Obtained covariate data prior to the removal of variables based on exceedance of the VIF
threshold. Each covariate can be categorised as a terrain, radiometric, geological or satellite attribute
with the original resolution of each layer varying. Note: 1 arc second represents approximately 30 m.

Data category Data layer Data source Original
resolution
Terrain DEM (m) Gallant et al. (2011) 1 arc second
Slope (%) Gallant and Austin (2012a) 3 arc seconds
MrRTF Gallant et al. (2013) 3 arc seconds
MrVBF Gallant et al. (2012) 3 arc seconds
TWI Gallant and Austin (2012¢) 3 arc seconds
Radiometric = Dose rate Minty et al. (2009) 100 m
Uranium (%) Minty et al. (2009) 100 m
Potassium (%) Minty et al. (2009) 100 m
Thorium (%) Minty et al. (2009) 100 m
Geological Silica (%) Gray et al. (2016) 1:250,000
Satellite Barest earth blue Roberts et al., 2019 25m
Barest earth red Roberts et al., 2019 25m
Barest earth green Roberts et al., 2019 25m
Barest earth NIR Roberts et al., 2019 25m
Barest earth SWIR Roberts et al., 2019 25m
Barest earth SWIR 2 Roberts et al., 2019 25 m
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Figure 6.1. Maps of the satellite covariates remaining following deletion due to collinearity including
barest earth (BE): blue, red, NIR and SWIR at a 90 m resolution across the study area.
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(ppm) attributes as well as the geological attribute silica at a 90 m resolution across the region following
the removal of radiometric dose based on collinearity.
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Figure 6.3. Maps of DEM (m), Slope (%), MrVBF, MrRTF and Topographical Wetness Index (TWI) at
a 90 m resolution.

6.3.3. Soil property model development and map production

Models were developed to predict pH, ECe, ESP, CEC, sand content and clay content using the
obtained soil datasets and covariate stack. For each soil property, a ‘3D’ modelling approach
was utilised to predict the five sampled depths concurrently. As such, the mid-depth of the
layers being modelled (0.05, 0.2, 0.45, 0.7 and 0.9 m) was utilised as a predictor variable. As
the outputs of this research are directly targeted to increase stakeholder understanding of the
region’s soils, the interpretability and cohesivity gained through this process is important.
Through this method a total of 764 samples were used to develop models of pH, CEC and ESP,
while 762 samples were used to develop models for clay (%), sand (%) and ECe.
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6.3.3.1. Development of extreme gradient boost (XGB) models
Following the removal of spatial covariates on the basis of collinearity and visual assessments,
Extreme Gradient Boosting (XGBoost) models were built utilising the remaining spatial
covariates and layer mid-depth. XGBoost models utilise a gradient boosting framework to
produce final predictions that are the result of numerous decision trees (Chen and Guestrin,
2016; Zhang et al., 2022). It is an ensemble model that works to train itself in an additive way
through the redefining of parameters through learned patterns (Chen and Guestrin, 2016; Meier
et al., 2018). In refining itself, the construction of new trees is based on prediction errors in
previous trees allowing for prediction error in the final model to be minimised (Chen and
Guestrin, 2016; Zhang et al., 2022). In this instance the ‘xgboost’ function, the simple wrapper
function contained within the ‘xgboost’ R package, was used (Chen et al., 2024). Settings of 6
and 0.3 for the maximum depth of a tree (max_depth) and controlled learning rate (eta),
respectively, were used. The maximum number of boosting iterations, ‘nrounds’, was set at 500

and ‘regression with squared loss’ set as the specified objective.

6.3.3.2. Variable importance
Model interpretability is a vital aspect in understanding, auditing and explaining machine
learning models. In this instance, SHapley Additive exPlanation (SHAP) values were used to
understand the impact of each variable on model predictions (Molnar, 2023). These values were
computed using the ‘SHAPforxgboost’ package within R (Liu and Just, 2023). Shapley values
were first proposed in game theory by Shapley (1953). Lundberg et al. (2020) proposed a
method for SHAP aimed specifically towards tree-based and boosted models, while Padarian
et al. (2020) demonstrated and discussed their role in interpreting DSMs from a game theory
perspective which allows for a ‘global’ interpretation of models, this being the understanding
of how well the model makes decisions across the entire dataset. ‘Beeswarm’ plots were used
to visualise this relationship by combining ‘local’ point interpretations graphically to

understand the variable-to-predictor relationship wholly, or as the ‘global’ interpretation.

In the beeswarm summary plot the y-axis shows the model variables, with variables ranked
based on their importance in the model determined as the average of absolute SHAP values
(Molnar, 2023). The x-axis represents the SHAP values with the colour, or feature value,
detailing the nature of the relationship at each sample point (Molnar, 2023). Each dot within
the plot represents the SHAP value for an individual data point. Dependence plots were used
to interrogate specific predictor variables. These plots also show SHAP values on the y-axis

against the predictor attribute value on the x-axis, however, a colour ramp can be generated to
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represent the attribute value of a second predictor, allowing for a greater understanding of the

relationship between predictors.

6.3.3.3. Model quality assessment and selection
For each soil attribute, the model was initially fitted using all covariates. A manual stepwise
backwards deletion was undertaken, removing the lowest ranking predictor at each iteration
until a model was produced with three spatial covariates and layer mid-depth, the latter being
required to predict multiple depths concurrently. Three covariates were chosen as the endpoint
as this was the point where model quality significantly worsened. In each iteration of this

process the spatial covariate having the smallest model influence was removed.

The quality of each model (n=8), for each individual soil property (n=6), was calculated using
the out-of-bag predictions from a leave-one-site-out-cross-validation (LOSOCV). The
LOSOCV method trains the model on n-1 sites (n=153) and then makes predictions for all
depths at the excluded site, in this instance a soil core. This method can be considered beneficial
when working with smaller datasets as it does not rely on the splitting of data into calibration
and validation subsets. Model quality was assessed through the Lin’s Concordance Correlation
Coefficient (LCCC). The LCCC statistic ranges from 0 to 1, taking into account precision and
accuracy, where a value closer to 1 indicates a higher quality model (Lin, 1989; Akoglu, 2018).
The model bias and Root Mean Square Error (RMSE) are also presented.

The final model was selected based on parsimony, that being the simplest model with the
greatest explanatory power. Consequently, the most parsimonious models contained the lowest

number of predictor variables while not reducing the model quality.

6.3.3.4. Map production
The selected model for each soil property was used, with the relevant covariates, to predict
onto a 90 m resolution grid of the study area. For each soil property the five depths were
mapped concurrently with the same legend to assist with interpretations of change between

depths.

6.3.3.5. Visual examination
The model development procedure thus far has focused on selecting models to develop maps
on a purely statistical basis. A visual assessment using expert knowledge is recommended to
confirm that the maps produced by the model are pedologically realistic and are not negatively
impacted by artefacts, this being the error observed in a digital signal (Padarian Campusano,

2014). Consequently, each map was interrogated for anomalies and unrealistic representations.
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If present, model covariates were eliminated, and different combinations tested until the most

parsimonious model resulting in an appropriating spatial representation was found.

6.3.3.6.  Area of Applicability
The Area of Applicability (AoA), as published in Meyer and Pebesma (2021), is determined by
whether a calculated Dissimilarity Index (DI) exceeds a threshold. It is used to identify where
reliable predictions can be made based on existing soil observations and their relationship to
environmental covariates (Pozza et al., (2022). The AoA was calculated using the ‘aoa’ function
contained within ‘CAST’ package in ‘R’ (Meyer, 2021; R Core Team, 2023). The DI is “the
normalized and weighted minimum distance to the nearest training data point divided by the
average distance within the training data” (Pozza et al., 2022). The DI can range from 0 to oo,
with a value of 0 indicating that the new datapoint has identical predictor properties to a point
in the training data (Meyer & Pebesma, 2021). A lower DI is desirable, indicating that new
datapoints are more similar to training datapoints (Meyer & Pebesma, 2021). Utilising these
values, the AoA is derived by considering if the DI at each point has surpassed a set threshold.
Predictions are considered unreliable if the DI value at a point exceeds the set threshold, in
which instance the AoA is classed as unapplicable. This study takes an applied approach to
these methods. The DI summary statistics will be shown for each developed soil model. The
DI will then be mapped for ECe to showcase how this varies spatially. While it is important to
identify the AoA for each soil property due to variable combinations of covariates, each
combination in this study was similar, so the DI for the lowest quality model will be shown as
an example. For ECe, the AoA will be presented for two thresholds, the 95% and 50% quantile
of the DI for ECe. This will showcase, spatially, where the most unreliable 5% and 50% of

predictions are being made.

6.3.4. Point validation of external digital soil map products

Presently there are three major, publicly available and accessible DSMs that cover the entirety
of New South Wales (NSW). For each of these products the predicted clay content was chosen
to be assessed at the point scale with the clay content data layer extracted for the bounds of this
study area at two depths: 0.3-0.6 m and 0.6-1 m. At these two depths the predicted clay content
was extracted at each point location where samples were taken in this study. To assess each of
the models at the point support, measured soil data from this study was used to validate

extracted DSM data for each of the three products separately at both depths. Goodness of fit
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plots were generated and LCCC, RMSE and bias statistics were used to assess the performance

of each model.

6.3.4.1.  State (NSW OEH)

The NSW DSM, developed by the Office of Environment and Heritage (OEH), covers the
entirety of the state at a 100 m resolution (Gray, 2023). Modelled soil properties contained
within this resource were produced using linear regression models or, in the case of clay
content, cubist linear piecewise decision tree models (Gray, 2023). Data was subset to validate
these models, with 80% partitioned as a training dataset and 20% as a validation dataset (Gray,
2023). At a soil depth of 0.3-0.6 m, validation statistics, determined on 1159 validation samples,
report a LCCC of 0.53 and RMSE of 14.5% while at a depth of 0.6-1 m the model was validated
on 875 samples reporting a LCCC of 0.43 and RMSE of 17.2% (Gray, 2023).

6.3.4.2. National (Soil and Landscape Grid of Australia)

The SLGA is a nationwide DSM of Australia available at a 3 arc second (approximately 90 m)
resolution (Grundy et al., 2015). At each point on this grid there are predictions of 20 soil
attributes at depths of 0-0.05, 0.05-0.15, 0.15-0.3, 0.3-0.6, 0.6-1 and 1-2 m (Grundy et al., 2015;
Viscarra Rossel et al., 2014). The modelling for each of these attributes occurred using a cubist
algorithm with validation undertaken on bootstrap out-of-bag samples with a 10-fold cross
validation with data partitioned into training and testing subsets (Viscarra Rossel et al., 2014).
For the clay model, 5117 sites from NSW were used to train the model while 2160 were used
to test it. In total, 16258 sites were used to train and test the model nationally with the most
common Australian Soil Classification (ASC) order of these sites being sodosols (n=3573)
(Viscarra Rossel et al., 2014). For the 0.3-0.6 m depth increment a test validation LCCC of
0.56 and RMSE of 14.27% are presented while at 0.6-1 m soil depth these validation statistics
are 0.53 and 14.23%, respectively (Viscarra Rossel et al., 2014).

6.3.4.3. Global (SoilsGrids250m)
The SoilGrids250m product is available at a 250 m resolution with organic carbon, bulk
density, CEC, pH, soil texture fractions and coarse fragments predicted at depths of 0-0.05,
0.05-0.15, 0.15-0.3, 0.3-0.6, 0.6-1 and 1-2 m (Hengl et al., 2017a; Poggio et al. 2021). This
product consists of a ‘top-down’ approach, where a single model is used to produce a global
map as opposed to a ‘bottom-up’ approach where local maps are joined to produce global maps
(Han et al., 2022). The updated version of this product increased the covariates used from 158

to 500 (Hengl et al., 2017a; Poggio et al. 2021). These were used to fit machine learning
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methods including random forest, gradient boosting and/or multinomial logistic regression.
Validation statistics are presented at each depth, for each soil property, calculated through a 10-
fold cross validation across different spatial strata (Poggio et al., 2021). There is difficulty with
the interpretability of the model statistics. Concordance is reported as the model efficiency
coefficient (MEC), with values of 0.41 and 0.40 for 0.3-0.6 and 0.6-1 m depths, respectively
(Poggio et al., 2021). RMSE is reported as a combined statistic for all depths. This value is

stated as 0.13, however, the unit of this statistic is unclear (Poggio et al., 2021).

6.4. Results

6.4.1. Exploratory analysis of soil datasets

Significant soil variability is seen for all measured soil properties (Table 6.2). Interpretations
of these measurements throughout the results and discussion are in accordance with

descriptions presented by Hazleton and Murphy (2007).

The texture of soils in the lower Murrumbidgee valley varies significantly, with some soils
considered heavy clays (>50%) throughout the first metre of the soil profile while others exhibit
a low clay content (<5%) throughout (Table 6.2). It is observed that clay content is strongly,
positively correlated with CEC; as one value increases so to does the other, while the inverse

is true for sand content (Table 6.2).

Across the dataset there are samples that range from being considered highly saline (ECe > 8
dS/m) to non-saline (ECe < 2 dS/m) at each depth (Table 6.2). Variability in the dataset
increases with depth, as indicated by higher standard deviation statistics at 0.6-0.8 and 0.8-1 m
(Table 6.2). Similarly, some sites in this study are strongly sodic throughout the first metre of
the soil profile (ESP>14) while there were also samples, at each depth, with ESP values <I.
(Table 6.2).

Soils within the region are generally neutral to alkaline at the surface with alkalinity increasing
with depth (Table 6.2). At each depth, however, there are samples that are slightly acidic to
acidic (Table 6.2).
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Table 6.2. Summary statistics for pH, ECe, ESP, CEC, sand and clay at the five examined depths 0-0.1,
0.1-0.3, 0.3-0.6, 0.6-0.8 and 0.8-1 m). Represented for each soil property, at each depth (m), is the
number of samples (n) and the mean, standard deviation, minimum and maximum measured values.

Soil attribute Depth n Minimum Mean Maximum Standard
deviation

0-0.1 153 5.27 7.4 9.1 0.8
0.1-0.3 153 4.95 7.9 9.8 0.8
pH 0.3-0.6 153 6.34 8.4 10.2 0.7
0.6-0.8 153 6.11 8.5 10.2 0.8
0.8-1 152 6.13 8.5 10.2 0.8
0-0.1 153 0.14 1.6 13.1 1.5
0.1-0.3 152 0.03 2.9 25.1 4.5

ECe
0.3-0.6 153 0.04 5.1 37.2 7.5

(dS/m)

0.6-0.8 153 0.04 7.5 49.1 10.1
0.8-1 150 0.02 9.2 42.1 10.7
0-0.1 153 1.80 16.0 1.8 6.3
0.1-0.3 153 1.50 18.4 1.5 6.7

ESP
0.3-0.6 153 0.94 20.5 0.9 6.9

(%)
0.6-0.8 153 0.77 22.0 0.8 8.6
0.8-1 152 0.88 22.7 0.9 10.6
0-0.1 153 0.20 5.4 26.3 4.8
0.1-0.3 153 0.90 9.6 38.1 8.3

CEC
0.3-0.6 153 0.80 13.9 45.2 10.8

(cmol(+)/kg)

0.6-0.8 153 0.60 14.6 45.5 10.3
0.8-1 152 0.20 14.1 48.3 9.5
0-0.1 153 4.30 41.0 64.5 12.9
0.1-0.3 152 1.20 45.3 70.0 12.4

Clay
%) 0.3-0.6 153 1.30 46.5 63.0 12.4

%

0.6-0.8 153 3.36 47.2 63.9 12.2
0.8-1 150 1.50 45.8 70.3 12.7
0-0.1 153 19.10 39.5 89.8 14.4
0.1-0.3 152 16.71 35.8 93.9 15.0

Sand
0.3-0.6 153 11.60 33.7 90.1 15.2

(%)
0.6-0.8 153 0.91 32.4 90.1 14.8
0.8-1 150 1.01 33.1 90.5 15.4
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6.4.2. Soil property model development and map production

6.4.2.1. Removal of covariates prior to modelling
Three variables; barest earth SWIR 2, barest earth green and radiometric dose were removed
from the initial covariate stack due to collinearity. In visually examining the remaining rasters,
the decision was made to remove the terrain attribute covariates MrRTF and MrVBF (Figure
6.3). Consequently, 11 predictor variables were used in the initial modelling process prior to

the stepwise deletion.

6.4.2.2. Optimal soil property model selection
When using the most parsimonious model, following a stepwise deletion, predictions of pH,
ECe and ESP resulted in an unrealistic spatial pattern. By further analysing covariate
combinations, this was attributed to DEM which was the most influential predictor in each
model. While removing this predictor from the model reduced the LCCC (Appendix 1), it
resulted in a more accurate representation of the landscape. This effect was not observed in the
models for clay, sand and CEC. As a result of this, no manual covariate deletion occurred, and

the most parsimonious model was used for these attributes.

There are different combinations of predictor variables for each of the six soil property models
(Table 6.3). Barest earth blue and radiometric potassium (%) were retained in all models (Table
6.3). The model for soil clay content contained the greatest number of predictor variables

(n=11). TWI and slope were the variables most commonly removed during the deletion process.
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Table 6.3. The covariates utilised in the development of models to predict pH, ECe, ESP, CEC, sand
and clay following a stepwise deletion of predictor variables. A ‘Y’ indicates that the variable was
utilised in the final model while a ‘-’ indicates that it was not included.

Covariate Soil property model

pH ECe ESP CEC Sand Clay

(dS/m) (%) (cmol(+)/kg) (%) (%)
Layer mid depth Y Y Y Y Y Y
DEM (m) - - - Y Y Y
Slope (%) Y - Y - - -
™wI - Y - - - Y
Uranium (%) Y Y - Y Y Y
Potassium (%) Y Y Y Y Y Y
Thorium (%) Y - - Y Y Y
Silica (%) - - - Y Y Y
Barest earth blue Y Y Y Y Y Y
Barest earth red Y Y Y - - Y
Barest earth NIR - - Y Y Y Y
Barest earth SWIR - Y Y - Y Y

6.4.2.3. Soil property model statistics
The validation statistics generated using a LOSOCYV show each model to be of moderate quality
with LCCCs ranging from 0.45 (ECe) to 0.58 (clay) (Figure 6.4). Due to differences in the units
of measurement the RMSE statistics cannot be compared in the same way. With the exclusion
of sand content, each model shows a low, negative bias (Figure 6.4). The vertical scatter of
observed samples with a high sand content (Figure 6.4) suggests that these values are not well

represented in the model.
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Figure 6.4. Leave one-site-out-cross-validation (LOSOCV) statistics for modelled soil clay, sand,
CEC, ESP, pH and ECe. The reported statistics for each soil property model are the Lin’s
Concordance Correlation Coefficient (LCCC), Root Mean Square Error (RMSE) and bias.
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6.4.2.4. Variable importance and model influence
The variables included in the final model for, and SHAP rankings relating to, CEC as well as
clay and sand content are similar. For both clay and sand content, radiometric thorium is the
highest ranked predictor (Figure 6.5). When assessing these plots, the relationship is inversed
so that where higher thorium positively contributes to clay content, it negatively contributes to
sand content (Figure 6.5). When examined using the dependence plot the local interpretation
is clearer, with a relatively gradual trend, from low thorium values positively contributing to
sand content, to high thorium values negatively contributing (Figure 6.7). For both sand and
clay content, variables ranked above DEM showcase a high data spread indicating a broad

range of influence (Figure 6.5).

A similar spread is shown when examining the CEC beeswarm plot (Figure 6.6). The highest
ranked variable in this instance, layer mid depth, exhibits a clear monotonic relationship
whereby a greater layer mid depth, or lower position in the soil profile, positively contributes
to CEC. There are multiple points where a high mid-depth has a strong, positive model impact
(Figure 6.6). These specific relationships likely represent data from lower in the soil profile,
reflecting a greater mid-depth, from sites sampled in the west of the region that had a very high
CEC (Table 6.2). The dependence plots can also allow for examinations of relationships
between predictor variables at each datapoint (Figure 6.8). In this instance, the x and y axes
show the relationship between different elevations and the resulting SHAP value for predicted
datapoints, respectively (Figure 6.8). The colouration of each point represents the barest earth
blue value at said point, showing that generally as elevation increases barest earth blue values
decrease (Figure 6.8). As this occurs, higher DEM values initially positively contribute to clay
content, before generally negatively contributing beyond a value of 120 m. The vertical
distribution of some sample points is due to multiple depths being modelled concurrently and
instances where cores were taken in close proximity to each other or from similar longitudes,

as the region follows a gentle east-west gradient (Figure 6.8).
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Figure 6.5. SHAP beeswarm plots for soil clay (%) (top) and sand (%) (bottom) content.
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Figure 6.6 SHAP beeswarm plots for pH (top) and CEC (cmol(+)/kg) (bottom).
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Figure 6.7. A SHAP dependence plot for radiometric thorium in the model predicting soil clay
content. The x-axis and colour of datapoint show the radiometric thorium measurement and the y-axis
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Figure 6.8. A SHAP dependence plot for DEM (elevation) in the model for clay. The x-axis shows the
elevation (m), the y-axis shows the corresponding SHAP value at datapoints. The colour scale shows
the barest earth value at each sample point.
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Apart from the mid-depth variable, DEM was originally the highest ranked predictor variable
for pH, ECe and ESP (Appendix 2). This, however, resulted in a contour-like banding effect
when maps were generated (Appendix 3). In removing this variable, the ranking of the
previously lower spatial covariates changes, with barest earth blue becoming the highest ranked
variable, with the exception of layer mid-depth, for pH, ESP and ECe (Figure 6.6; Figure 6.9).
The highest ranked predictor variable, mid-depth, is shown to positively contribute to pH
(Figure 6.6), ECe (Figure 6.9) and ESP (Figure 6.9). The dependence plot for mid-depth in
relation to pH provides more detail on this, with the positive contribution of layer mid-depth
to predicted pH values initially increasing before plateauing, as indicated by the SHAP values
(Figure 6.10). This is an expected occurrence as these soil properties generally increase at

greater depths within the profile.

The beeswarm plot for pH (Figure 6.6) shows that high feature values for barest earth blue both
positively and negatively contribute to predicted values. The remaining variables showcase
clustering of points around a SHAP value of zero, however, commonly exhibit extended tails.
Despite clustering the lowest values of radiometric potassium, for example, produce negative
SHAP scores suggesting a negative contribution to pH predictions (Figure 6.6). The inverse of
this is true for radiometric uranium and thorium, where high values of these features generally
produce low SHAP scores (Figure 6.6). Despite significant clustering (Figure 6.6), slope shows
two clear points where a high slope percentage results in high SHAP scores, positively

contributing to pH largely irrespective of layer mid-depth (Figure 6.11).

Barest earth satellite covariates are generally more highly ranked in predicting ESP than ECe,
where, in the latter, radiometric covariates assume more influence (Figure 6.9). In predicting
ESP, high attribute values for barest earth blue and SWIR are associated with positive
contributions despite clustering in the latter. A similar relationship is observed in predictions
for ECe (Figure 6.9), however, in this instance barest earth SWIR is the lowest ranked predictor.
Despite significant clustering for all predictors of ECe, there is a high data spread, especially
for positive SHAP values, suggesting a broad range of influence. Monotonic, or linear, trends
are less common for pH, ECe and ESP than they are for CEC, sand and clay content. This may
be the result of greater variability in these properties in the subsoil impacting relationships

between predictor variables.
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Figure 6.9. SHAP beeswarm plots for ESP (%) (top) and ECe (dS/m) (bottom).

203



Chapter 6 — Digital Soil Mapping

0.59

0.04

051

SHAP values for mid depth

0 25 50 75
Mid depth (cm)
Mid_depth R————

(Feature valug) 2% 50 75

Figure 6.10. A SHAP dependence for layer mid-depth in the model predicting soil pH. The x-axis and
colour bar represent the mid-depth attribute value while the y-axis shows the corresponding SHAP
value.
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Figure 6.11. A SHAP dependence plot for slope in the model predicting pH. The x-axis shows the
slope (%) value while the y-axis shows the corresponding SHAP values. The colour bar and colouring
of each sample is the mid-depth (cm).

204



Chapter 6 — Digital Soil Mapping

6.4.3. Digital soil maps

The initial maps that included DEM as a predictor for pH, ECe and ESP produced an unrealistic
banding effect (Appendix 3). These abrupt changes are not a realistic reflection of the
landscape. By removing DEM, a more gradual and pedologically appropriate trend for soil pH
(Figure 6.12), ECe (Figure 6.13) and ESP (Figure 6.14) is produced. There is still a slight
increase in each attribute along the east-west axis, however, the soil properties are more closely
associated with paleochannel systems. In the east and throughout the centre of the region there
are pockets of acidity (pH<7) predicted in the surface layer (Figure 6.12). These generally align
with land that has been under irrigated agricultural production for an extended period. There is
significant alkalinity in the west and north of the region, with alkaline tracts of soil also
observed in the southeast (Figure 6.12). Across the entirety of the region a trend of pH
increasing with depth is predicted (Figure 6.12).

A similar trend with depth is seen in the predicted ECe (Figure 6.13) and ESP (Figure 6.14),
with the most sodic soils predicted to occur at 0.3-0.6 m depth between longitudes of 144-
144.5° (Figure 6.14). At these locations ECe values (Figure 6.13) are also predicted to be
highest, however, unlike ESP they continue to increase below 0.6 m (Figure 6.14). Based on
these spatial trends, soils at some point in the first metre of the profile, will be generally
considered strongly sodic (ESP>14) with the exclusion of areas in the regions far east (Figure
6.14). Similarly, most soils west of 145.5° would be considered extremely saline (ECe>16
dS/m) at some point within the first metre of the profile (Figure 6.13). Unlike sodicity, however,

the surface soil is not predicted to cross the salinity threshold as frequently (Figure 6.13).

The produced maps for clay content (Figure 6.15) and sand content (Figure 6.16), as well as
CEC (Figure 6.17) showcase similar spatial trends whereby a high clay content is mirrored by
a high CEC and low sand content. Patterns of predicted low clay content, low CEC and high
sand content soils follow the pathways of palaecochannel systems (Figure 6.15, Figure 6.16,
Figure 6.17). Outside of these areas, soils are generally clayey with minimal differentiation
between the five measured depths (Figure 6.15). In the far west of the region loamy soils with
a clay content of 20-30% (Figure 6.15) and higher sand content (Figure 6.16) are predicted to
be common. There is a trend of CEC increasing to become very high (>40 cmol(+)/kg) at depths
0f 0.6-0.8 and 0.8-1 m in the west of the region between longitudes of 144-144.5° (Figure 6.17).
At these locations, ESP and ECe are also predicted to be high.

205



Chapter 6 — Digital Soil Mapping

sl sagn  0-0.1m
=343
=34 4 1
=306 -
-34.8 4
=360 1
=357 1

0.1-0.3m

0.3-0.6m

n o= =@

e 0.8-1m
-4 -
344
346 -
-34 8-
-35.0-
L]

1435 1440 144.5 145.0 1458 145 146 5

Figure 6.12. A digital soil map of pH across the study area at depths of 0-0.1, 0.1-0.3, 0.3-0.6, 0.6-0.8
and 0.8-1 m with a continuous scale.
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Figure 6.13. A digital soil map of soil electrical conductivity of the extract (ECe) across the study area
at depths of 0-0.1, 0.1-0.3, 0.3-0.6, 0.6-0.8 and 0.8-1 m with a continuous scale.
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Figure 6.14. A digital soil map of exchangeable sodium percentage (ESP) across the study area at
depths of 0-0.1, 0.1-0.3, 0.3-0.6, 0.6-0.8 and 0.8-1 m with a continuous scale.
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Figure 6.15. A digital soil map of clay content (%) with a continuous scale for concurrently modelled
depths of 0-0.1, 0.1-0.3, 0.3-0.6, 0.6-0.8 and 0.8-1 m.

209



Chapter 6 — Digital Soil Mapping

0-0.1m

-34.2 -
-34 .4 -
=345
-34.8 -
-35.0 1
-35.2 1

0.1-0.3m

349
=34 4 -
-34.5 -
-34.8 -
-35.0 7
-35.2 1

Sand

-34.0 1 (%)

0.3-0.6 m

=342 -

-34.4 - H

-34.6

-34.8
=35.0 7
=35.2 1

25

=348 5
=350 7
=35.2

3404
-34.2 -
344 -
=34 6 -
34,8
-35.0
-35.2

1435 144.0 1445 145.0 145.5 146.0 146 5

Figure 6.16. A digital soil map of sand content (%) with a continuous scale for concurrently
modelled depths of 0-0.1, 0.1-0.3, 0.3-0.6, 0.6-0.8 and 0.8-1 m.
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for concurrently modelled depths of 0-0.1, 0.1-0.3, 0.3-0.6, 0.6-0.8 and 0.8-1 m.
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6.4.4. Area of applicability

Each model was shown to exhibit a similar DI range (Table 6.4), with only the models for pH
(11.4) and ESP (7.36) showcasing a maximum DI significantly greater than the other soil
property models. A DI closer to zero is considered desirable, with the resulting map showing
that areas with a greater dissimilarity are generally located near watercourses (Figure 6.18).
When utilising the DI to map the AoA with a 95% and 50% threshold, each soil property
showed similar spatial trends as these values are related to the distance between point
predictions and sample sites as well as relationships with environmental covariates. In the
former this was constant while in the latter instance the assembled covariate stacks were
similar. Consequently, only the AoA for ECe, the model with the poorest quality statistics
(Figure 6.4), is shown. The subsequent maps show that areas where the model is considered
unreliable are most frequently associated with areas very closer to the Murrumbidgee River,
along a paleochannel systems in the north of the region or in the far west of the region (Figure

6.19; Figure 6.20).

Table 6.4. The median, mean, 95% quantile and maximum Dissimilarity Index (DI) for each of the
developed soil models.

S"ilrggglzle”y Median DI Mean DI 95% quantile DI Maximum DI
pH 0.20 0.24 0.61 11.4
ECe 0.25 0.27 0.48 4.94
ESP 0.21 0.25 0.49 7.36
Clay content 0.30 0.34 0.61 3.45
Sand content 0.26 0.30 0.58 3.90
CEC 0.29 0.33 0.58 3.55
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Figure 6.18. A map showing variability in the Dissimilarity Index (DI) values obtained for the ECe

model.
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6.4.5. Point validation of external DSMs

The accuracy of the state (NSW) model in predicting clay content at each sampled point was
moderate at the 0.3-0.6 m depth, with an LCCC of 0.50 and low at the 0.6-1 m depth, with an
LCCC of 0.36 (Figure 6.20). At both depths a positive bias of 2.51% and 3.24%, respectively,
indicates a propensity for the model to overfit (Figure 6.20). While there is a clear horizontal
pattern in the scatter plots where the model predicts between 40-60 % clay, there is some

variability, with a capacity to predict a lower clay content (Figure 6.20).

The accuracy of the point predictions for the national (SLGA) DSM was low, with LCCCs of
0.16 and 0.15 at depths of 0.3-0.6 and 0.6-1 m, respectively (Figure 6.20). As shown by the
horizontal scatter of points between 40-60%, there is little variation in predictions when the
measured clay content is low (<40%). Consequently, a positive bias statistic highlights that

overprediction is occurring with both depths exhibiting similar RMSEs (Figure 6.20).

The global (SoilsGrid250m) DSM predicts poorly at the 0.3-0.6 m depth, with an LCCC of
0.11 and very poorly at the 0.6-1 m depth, with an LCCC of 0.07 when assessed at the measured
points (Figure 6.20). Like the other two assessed DSMs there is little variation in the predictions
as indicated by the horizontal scatter of points at both depths (Figure 6.20).
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Figure 6.20. Goodness of fit plots for the state (top), national (centre) and global (bottom) DSM
predictions of clay content (%) validated against measured clay content from sites in this study at 0.3-
0.6 m (left) and 0.6-1 m (right).Reported goodness of fit statistics are the Lin’s Concordance
Correlation Coefficient (LCCC), Root Mean Square Error (RMSE) and bias.
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6.5. Discussion

6.5.1. Variable selection and importance

Covariate reduction to produce the most parsimonious models was undertaken in this study,
with the overall number of predictor variables, including mid-depth, reduced from 11 to
between 10 (clay) and 7 (pH, ECe, ESP, CEC). These reductions decrease complexity and
increase interpretability. In an extreme example of this, Kasraei et al. (2024) show that a
reduction from 70 to 7 variables in a model predicting pH did not impact quality, with both
models reporting a concordance of 0.74. Similarly, Roudier et al., (2020) removed 16 of 29

covariates prior to mapping soil pH across New Zealand using a random forest (RF) model.

The use of SHAP values allowed for a clear interpretation of relationships between the
predictor and target variables. For individual covariates the dependence plots allowed for the
identification of trends at specific attribute values and between predictor variables. The
examination of pH in relation to slope SHAP values showed multiple points where a high slope
was positively contributing to pH. These sites would be associated with the Calcarosols
sampled in the west of the region on easterly facing slopes at the interface of the Mallee
Dunefields and the lower Murrumbidgee valley. When considering the global SHAP
explanations, the ranking of predictor variables showed that mid-depth was the highest ranked
predictor for pH, ECe and ESP, attributes where the measured data also varied with depth. Mid-
depth was, however, only moderately ranked for sand content, clay content and CEC. This is

expected as these attributes varied more spatially than vertically.

The variables included in the final models and their relationships to the target variable are
consistent with previous studies, also. In this study all soil attribute models contained at least
two satellite (barest earth) covariates which is consistent with discussions from Richer-de-
Forges et al. (2023) on their effectiveness in DSM. A positive relationship between clay content
and radiometric thorium and uranium was observed in this study, with radiometric thorium the
highest ranked SHAP predictor with higher measurements positively contributing to clay. The
inverse was demonstrated for sand content, where higher radiometric thorium values negatively
contributed to sand content. This relationship has been previously described in literature
(Mahmood et al., 2013; Maino et al., 2022; Van Der Klooster et al., 2011). Specifically, Maino
et al. (2022), studying palaeochannel-influenced landscapes in Italy, showed negative
correlations to sand content for radiometric potassium (-0.62) and thorium (-0.56). In their

study, R? values of 0.52 and 0.49 were obtained from non-linear machine learning algorithms
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predicting sand and clay content, respectively, using potassium and thorium abundance as input

variables (Maino et al., 2022).

Issues with the incorporation of DEM as a predictor for regional scale DSMs are not new, as
discussed by Adeniyi et al. (2024) where small, gradual gradients reduce the efficacy of this
predictor. While it is noted that recently released finer resolution DEMs have improved
mapping outcomes (Adeniyi et al., 2024), as seen for CEC, sand content and clay content in
this study, this was not the case for pH, ESP and CEC. Generally, care needs to be taken when
interpreting predictor relationships (Wadoux et al., 2019). Local knowledge is important in
understanding these interactions, with the removal of DEM in this instance aligning with
notions that DSMs may produce good validation statistics but, from a pedological standpoint,
be spatially implausible (Bui et al., 2020; Kidd et al., 2020). The importance in careful covariate
selection on a case-by-case basis is seen when viewing the CEC, sand and clay models where
DEM was a moderate ranking variable and appropriately aided in representing variability

spatially.

While climate is recognised as an important factor in soil formation (McBratney et al., 2003)
it follows a similar trend to terrain and satellite attributes across this specific region. Further
there is minimal variability in climate averages across the study area (BOM, 2023). It was on

this basis that climatic predictor variables were not included.

6.5.2. Model quality

The models in this study, validated using a LOSOCYV at the point support, produced moderate
quality statistics with LCCCs ranging from 0.45-0.58. For each soil model there was negligible
bias indicating that models were not over or under-fitting. The goodness of fit plots for sand
content and ECe visually demonstrate issues predicting across a dataset of this size that has

extreme variability.

Ma et al. (2021) identified that, in mapping EC in northwest China, XGBoost models
outperformed RF and classification and regression tree (CART) models with an R? and RMSE
of 0.59 and 11.99, respectively. In their study, the XGBoost model was developed from a
combination of topographic and vegetation indices validated through a five-fold cross
validation (Ma et al., 2021). In employing a 3D approach, as undertaken in this study, Roudier
et al. (2020) used RF models to predict soil pH nationally across NZ. When tested on a
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validation dataset the model produced an R? of 0.65, broadly comparable to that obtained in
this study.

In modelling ESP across the Murray Darling Basin, Pozza et al. (2022) present an independent
test LCCC of 0.66 for their RF model, however, when using a spatial cross validation, a poorer
LCCC of 0.45 was obtained. This suggests a decrease in quality where datapoints are sparse, a
known issue in the western reaches of the lower Murrumbidgee valley where there are few
publicly available data points. This spatial cross validation statistic of Pozza et al. (2022) is
comparable to the LCCC value, obtained through a LOSOCYV, in this study. Employing a
similar approach, Filippi et al., (2020) in mapping ESP in the Namoi catchment of northern
NSW, obtained a similar model accuracy with an LCCC and RMSE of 0.55 and 6.70%,
respectively, also comparable to the LCCC of 0.51 obtained for the model in this study.

Across a similarly variable dataset obtained from a plains region in the Jiangsu Province,
China, Qu et al. (2024) produced RF and cubist models to predict sand content, achieving R?
values of 0.56 and 0.49, respectively. Zhao et al. (2022) showcased that XGBoost models
performed slightly poorer when modelling clay content across an area of 390 km? using
proximally sensed data in northern NSW. In the subsoil (0.9-1.2 m) the XGBoost model
achieved an LCCC of 0.54 compared to the cubist (LCCC=0.6) and RF (LCCC=0.58) models.

The model statistics for sand and clay content achieved in this study are comparable to those
achieved in the state (NSW) and national (SLGA) DSMs where different depths were modelled
individually (Gray, 2023; Grundy et al., 2015; Viscarra Rossel et al., 2014). Model statistics,
however, tell only part of the story. As explained by Kidd et al., (2020) these statistical
approaches do not consider the resulting spatial pattern and if it is pedologically plausible.
Further, the choice of validation method can result in statistics that are not representative of

how the data will be predicted over a broader area (Piikki et al., 2020).

6.5.3. Spatial distribution of soil properties

Assessing if produced DSMs are spatially appropriate from a pedological standpoint is
essential in considering their efficacy. Despite the models in this study being of moderate
quality, the spatial patterns of the resulting maps accurately identify variability in relation to
known landscape characteristics. Given their intercorrelations, the CEC, sand content and clay
content maps can be described together. Patterns for each of these maps directly relate to, and

appropriately represent, the pathways of palacochannel systems which were active over four
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distinct periods during the last 100,000 years (Page and Nanson, 1996; Page et al., 2009). The
relic streambeds, and occasional adjacent sand dunes, of these systems result in deep sands (>1
m) that are incised within heavy clays (>35 % clay) of different systems. Therefore, there is
minimal variability in texture down the profile with the exclusion of the far east and west of
the region. The former represents an area with known ‘hillslope’ (Butler, 1979) or texture
contrast soils, with slightly acidic topsoils overlaying an alkaline subsoil. The latter occurs at
the interface of the Murrumbidgee and Mallee regions where calcareous soils are prevalent
(Bowler & Magee, 1978; Mitchell, 2002). Visually, the maps of these soil properties showcase
greater fine scale variability than the presently available, broader scale, state (Gray 2023),
national (Grundy et al., 2015; Viscarra Rossel et al., 2014) and global (Hengl et al., 2017a)
DSMs.

The seams of predicted high clay and low sand content soils in the south-southeast of the region
align with an older palaecochannel system (Page & Nanson, 1996). Consequently, it is likely
that these soils are more pedologically developed. Schematics of the region presented by Butler
(1958) and Langford-Smith (1960) note that along such systems there will be wider tracts of
loamy soil that, despite having a high sand content, are not deep sands (>90% sand). These
loamy soils are theorised to contain lime at depth, resulting in high alkalinity seen in the pH

map.

Unlike sand content, clay content and CEC; soil pH, ECe and ESP are more prone to change
as a result of land clearing and agricultural management (Cattle & Field, 2013). The clearest
example of this is seen for ESP, where there is an abrupt increase at approximately 145.75°C.
This increase is also seen in the map of Pozza et al. (2022) and occurs at the western boundary
of the Murrumbidgee and Coleambally Irrigation Areas, which have been intensely farmed
under irrigation for 90 and 60 years, respectively. To the west, irrigation occurs only in pockets
with land primarily used for the grazing of native vegetation. This is interesting, as it has
previously been reported that irrigated agriculture can increase sodicity as well as salinity
(Rengasamy & Olsson, 1993; Cattle & Field, 2013). It is possible that, in seeking to optimise
agricultural production, management decisions such as deep ripping combined with chemical
amelioration have been used to reduce sodicity (Jayawardane and Chan, 1994). Irrespective of
management, a gradual westerly trend of increasing salinity (ECe) and sodicity (ESP) was also
identified by Talsma (1968). Prior to the completion of the Coleambally Irrigation Area, Talsma
(1968) found ESP in this subregion was generally <7%, however, increased to 7-22% in the
topsoil and 15-30% in the subsoil further west at approximately 144.75° (Talsma, 1968). Sodic
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soils are predominantly alkaline (Dagar et al., 2022) and this is supported by similar spatial
trends of the pH and ESP maps for the region.

The decision to remove DEM from the pH, ECe and ESP models has been discussed. It is
believed that the models without DEM are able to more accurately represent spatial trends
across the landscape, not just at the points that the model was built on, a key objective of this

research and DSMs more broadly.

6.5.4. Area of applicability

The Area of Applicability assessment assists with identifying where model predictions may be
unreliable and should be interpreted with caution. This results from a lack of data meaning the
model needs to extrapolate further, reducing reliability. In this instance, these ‘unreliable’ areas
are closely associated with the Murrumbidgee River, palacochannel systems and the dunefields
soils in the far west. Each of these areas is associated with sandier soil types. From the
perspective of covariate relationships this is also not surprising as there is significantly different
vegetation near the Murrumbidgee River compared to across the plain more broadly. Given an
element of the sampling plan employed in this study that was purposively targeted towards
cotton soils, which are generally more clayey, this is not surprising. This map shows that in the

future sampling should occur in these areas.

6.5.5. Point validation of external DSMs

It has been presented that the models in this study appear to identify greater fine scale
variability than presently available DSM products. Consequently, this element of the study
sought to assess three DSMs at a point support using independent datasets containing 153 (0.3-
0.6 m) and 150 (0.6-1 m) observations. Each of the assessed models performed more poorly
than their reported model statistics for clay content. At 0.3-0.6 m depth the NSW DSM
produced a point scale external validation LCCC of 0.50 and RMSE of 10.4%, marginally
lower than the reported statistics of 0.53 and 14.5v%, respectively (Gray, 2023). At the 0.6-1
m an external validation LCCC of 0.36 was obtained, worse than the reported LCCC of 0.43
(Gray, 2023).

The SLGA model reports LCCC statistics of 0.56 and 0.53, significantly higher than the
external validation statistics obtained in this study of 0.16 and 0.15 for depths of 0.3-0.6 and
0.6-1 m, respectively. At these depths the SLGA presents a validation RMSE of 14.3% and
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14.2% for the two depth increments, both slightly higher than the corresponding values of

12.1% and 12.1%, obtained in this external validation.

There are issues in comparing the poor and very poor external validation LCCC values obtained
for the SoilsGrid250m model here with the reported statistics. Poggio et al. (2021) reported
model efficiency concordances of 0.41 and 0.40 for depths of 0.3-0.6 and 0.6-1 m, respectively.
This cannot be directly compared to the LCCC obtained in this validation, or the R? of 0.73
reported in the previous iteration of Hengl et al. (2017a), as these metrics measure different
aspects of model performance. Further, it is not clear which units are associated with the RMSE
of 0.13, however, it is stated that the model statistics are slightly lower than those obtained by
Hengl et al. (2017a) where an RMSE of 19.3% was presented (Poggio et al., 2021). It is
possible that this statistic is related to the additive log ratio transformation that was performed
on the data prior to modelling (Poggio et al., 2021). Irrespective, it is demonstrated that at a
point support when validated against external datasets in the lower Murrumbidgee valley, the

SoilsGrid250m DSM performs poorly.

The horizontal scatter observed in the goodness of fit plots show an inability for the models,
especially the SLGA and SoilsGrids250m, to predict higher sand contents at depth. In this
region there are numerous sand seams, tracts of land extending across the landscape with a
sand content of >90% to depth. Given the fine scale at which these occur it is possible that they
are not being identified due to the broader resolutions of the SoilsGrid250m product or that the
NSW and SLGA models are not able to detect this fine variability.

The trend of external validation statistics worsening from the state to national to global DSMs
suggest that, not surprisingly smaller, specific models may be better at understanding
variability at finer spatial supports. A potential reason for this is the model sensitivity to change.
Using DEM as an example, in this study models were developed for a region where elevation
only ranged from 53-227 m. A national product for Australia, however, must be sensitive to
elevation changes from -9 m, in the Lake Eyre basin, to 2228 m. Because of this, it may not be
able to identify fine scale variability. In the lower Murrumbidgee valley this is important, as
across the plain a change in elevation of 2-3 m can represent a change from a heavy clay to a
gradational loam on a source bordering dune. Similarly, radiometric covariates may be able to
differentiate between changes in sand and clay content in the streambed sands, allowing for
their identification. Ultimately, these external validation statistics show the value in regionally

specific DSMs, a conclusion also reached by Lemercier et al. (2022) who went a step further,
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suggesting investment in local DSMs due to the underperformance of regional, national and

global products.

Han et al. (2022) undertook a similar study with a focus on farms, examining both soil organic
carbon and clay content at a depth of 0.3-0.6 m at the farm, strata (field) as well as point spatial
supports. At 14 sites, 12 of which were in NSW, the NSW, SLGA and SoilsGrids250m DSMs
exhibited significantly worse external validation statistics at the point support (Han et al.,
2022). When aggregated to the larger strata (field management) and farm spatial supports the
validation statistics (LCCC, R? and RMSE) generally improved (Han et al., 2022). This is
similar to findings of Bishop et al. (2015) who identify that the prediction quality is best at a
soil-land use complex, or ‘block’ support. As such, the statistics presented in this study are
likely a “worst case’ scenario and considerations must be given to the optimal support for DSM
products that balances prediction accuracy with the identification of landscape variability.
Piedallu et al. (2022), however, in developing DSMs for pH and C/N in north-east France
identify that model performance decreases when the prediction resolution increases beyond

1000 m?,
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6.6. Conclusion

This study has shown the potential of regionally developed DSMs to predict the spatial
variability of relevant soil properties at five depth increments concurrently. The importance of
understanding the pedological plausibility of the resulting maps was also demonstrated, with
an understanding of landscape characteristics important in covariate selection and output
interpretation. XGBoost models were built to predict pH, ECe, ESP, CEC, clay and sand
content at depths of 0-0.1, 0.1-0.3, 0.3-0.3, 0.6-0.8 and 0.8-1 m. Model quality was moderate
for all attributes, with the LCCC obtained from a LOSOCYV ranging from 0.45 (ECe) to 0.58
(clay). Pleasingly, the resulting maps produced were able to identify landscape trends
associated with the past geomorphological processes of the lower Murrumbidgee valley. The
plains were appropriately predicted as having a high clay content throughout the first metre of
the soil profile, with veins of sandier soils predicted along pathways of palacochannels.
Predicted alkaline soils in the west of the region relate to dunefield Calcarosols while in the
east slight surface acidity is present. Both soil ECe and ESP increase along the east-west axis,
with strong sodicity and extreme salinity predicted to occur frequently within the first metre of
the soil profile. A visual assessment, incorporated alongside the model statistics, is an important
step in evaluating the efficacy of maps in displaying realistic spatial trends with SHAP values
shown to be effective in identifying the relationship between covariates and the modelled
attribute at a local and global scale. It was determined that, when validated against data
collected in this study, the presently available state, national and global DSMs for clay content
underperformed compared to their reported model statistics. At depths of 0.3-0.6 and 0.6-0.1
m, the state model produced external point support validation LCCCs of 0.5 and 0.36,
respectively, compared to the corresponding values of 0.11 and 0.07 for the global product and
the LCCC of 0.58 obtained for the clay content model developed in this study. This shows the
capacity of more specific DSMs to outperform broader products within regions at the point

scale.
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Chapter 7

7. Applying a digital soil assessment to classify the
suitability of lower Murrumbidgee valley soils for

irrigated cotton production
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Abstract

Digital soil assessments (DSAs) have the capacity to leverage soil spatial data to answer
specific agricultural or environmental questions. This study applied multiple DSA approaches
to determine the suitability of lower Murrumbidgee valley soils for irrigated cotton production.
Depth to constraint maps, a secondary application of digital soil mapping (DSM) products,
were produced for soil alkalinity (pH) and sodicity (exchangeable sodium percentage - ESP).
These maps were assessed to determine the most limiting soil chemical constraint and the depth
where this is reached in the soil profile. Pedotransfer functions were used to make predictions
of plant available water capacity (PAWC) using DSMs of cation exchange capacity (CEC),
sand content and clay content. After incorporating a digital map of landscape slope, a regionally
specific suitability ruleset was created with four classes: well suited, suited, marginally suited
and unsuited. The most limiting factor (soil chemical constraints, slope or PAWC) was
identified, and the overall suitability for irrigated cotton production was classed with 90 m
resolution maps produced. Results showed that sodicity was the most limiting soil constraint,
with soil chemical suitability the most limiting factor by area, negatively impacting suitability
for irrigated cotton production across 52.9% of the region. The second most limiting factor by
area was PAWC, reducing the suitability class across 24.9% of the lower Murrumbidgee valley.
Overall, 16.7% of the area was classed as well suited to irrigated cotton production and 18.4%
was classed as unsuited, with the remainder comprised of suited (31%) or marginally suited
(34%) land. Further work should investigate the development of continuous, rather than
categorical, classification metrics as these may better represent gradual landscape trends and

agronomic management considerations rather than relying on hard cutoffs.
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7.1. Introduction

There is the potential to enhance the value of digital soil map (DSM) products by using them
to address specific agricultural and environmental challenges. Such applications can include
inferring soil attributes, such as plant available water capacity (PAWC), identifying the depth
to particular soil constraints (Pozza et al., 2022) and classifying land or enterprise suitability,

all of which can be considered digital soil assessments (DSAs) (Carre et al., 2007).

DSAs were defined by McBratney et al. (2012) as processes which “translate DSM into
decision-making aids that are framed by the particular, contextual, human-value system which
addresses the question/s at hand.” In the context of their framework, this study can be
considered as a stakeholder-led assessment (McBratney et al., 2012). Carre et al. (2007) were
the first to present a framework for DSAs where, following rapid advancements in the field,
DSMs were not to be considered the end point of studies, instead, they are a precursor to DSAs
(Carre et al., 2007). DSAs can be more applicable to specific end users, capable of accounting
for social and economic factors, better guiding decisions from land management to policy
(Carre et al., 2007; Kidd et al., 2015). Since this framework was formalised (Carre et al., 2007)
there has been a significant increase in publications relating to the topic globally. Searle et al.
(2021) provide a detailed discussion on this. They focus on how DSM and DSAs have
progressed to a point where they can be implemented on a broad scale to meet global, national,
and local challenges including ecosystem enhancement, climate change mitigation and the

safeguarding of food production (Searle et al., 2021).

Within Australia, recent DSA applications to classify land for agriculture include the work of
Kidd et al. (2015) in Tasmania and Thomas et al. (2015, 2018) with Harms et al. (2015) in
northern Australia. These projects implemented DSAs to identify new land for development
(Harms et al., 2015; Thomas et al., 2015, 2018) or to understand crop suitability in newly
commissioned irrigation areas (Kidd et al., 2015). This study, however, aims to examine the
suitability of irrigated cotton production in a region where it already had demonstrated success.
This allows for the targeted creation of suitability rulesets as was undertaken by Kidd et al.

(2015), who consulted industry experts to assist in ruleset development.

Both depth-to-constraint and PAWC maps can be considered as forms of DSAs as they use
DSMs to produce decision making aids. Depth-to-constraint maps, as opposed to maps
showing soil attributes at different depth intervals, have the potential to provide more

interpretable resources. Recently, there have been multiple studies mapping the depth to soil
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constraints, and their impact, across the Murray Darling Basin. In the Namoi catchment, Filippi
et al. (2020) mapped the depth to sodicity constraints with ESP thresholds of 6%, 10% and
15% at a 30 m pixel size with a 1 cm vertical support. At the within field scale, within the
Namoi catchment also, Filippi et al. (2019) mapped the depth to which an alkalinity constraint
(pH>9) is reached. Across the entirety of the Murray Darling Basin, Pozza et al. (2022) mapped
the depth to sodicity thresholds of 6%, 10% and 15% with the probability of threshold
exceedance at specific depths and the area of applicability shown. By combining depth to
constraint maps with PAWC, Tilse et al. (2022) quantified the constrained-PAWC, and potential
yield loss, resulting from chemical constraints. Identification of the most limiting constraint,
and the depth at which it occurs, allows for informed decisions on the economics of

amelioration or management.

This study will showcase the ability for regionally developed DSMs, produced in Chapter 6, to
be used for DSAs. Firstly, a regionally specific ruleset for soil and landscape factors impacting
irrigated cotton suitability will be developed. Secondly, DSMs of soil pH and ESP will be used
to generate spatial resources showing the depth to alkalinity and sodicity constraints across the
region. Thirdly, DSMs of CEC, sand and clay content will be used within pedotransfer
functions (PTFs) to predict PAWC to 1 m. Lastly, the soil or landscape parameter most limiting
to irrigated cotton production will be identified at each pixel, and, finally, the suitability of the

region for irrigated cotton production will be classified.

7.2. Materials and methods

7.2.1. Study area

The lower Murrumbidgee valley, in southern NSW, extends from Narrandera in the east to
Balranald in the west. The region is known for its agricultural diversity and includes the
Murrumbidgee and Coleambally Irrigation Areas. Soils of the region are primarily alluvial,
having developed from Cenozoic era sediments deposited by palacochannel systems (Brown
and Stephenson, 1991; Page et al., 1996). There is considerable variability, ranging from heavy
clay soils, considered Vertosols within the Australian Soil Classification (ASC), to deep sandy
soils, considered Arenosols (Isbell & NCST, 2021). While the diversity of soils presents
challenges, it allows for a diverse agricultural sector. Included within this is the irrigated
production of perennial and annual crops, including cotton, which utilise water from the

Murrumbidgee River or groundwater aquifers. Decisions surrounding the viability of
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establishing perennial plantations or the sowing of annual crops, such as cotton, are strongly
influenced by annual water allocations. Major population centres of the region include Griffith,

Leeton, Hay, Coleambally, and Balranald.

7.3. Irrigated cotton suitability ruleset

The rulesets for irrigated cotton suitability were developed to be applied to the DSMs created
in Chapter 6. This study has adopted the four-class system, as per the work of Kidd et al. (2015),

whereby soils are classed as:

e  Well suited — no soil-landscape based limitations to productivity,

e Suited — minor limitations to productivity,

e Marginally suited — moderate limitations to productivity, and,

e Unsuited — severe productivity limitations.
Previous studies, including those of Kidd et al. (2015) and Harms et al. (2015), incorporate
climate parameters in their enterprise suitability rulesets. It was decided that this study would
focus entirely on soil-landscape attributes. This was on the basis that the climate is known to
be suitable for cotton production. There is minimal variability in the summer mean maximum
(32.2-32.5°C) and minimum (16-17.9 °C) temperatures across the region that fall within the
ranges of 27-32°C (daytime maximum) and 16-20°C (overnight minimum), the temperatures
considered ideal for cotton production (BOM, 2023; CRDC and CottonInfo, 2023). The prolific
expansion of the industry also suggests that climactic uncertainty is not a key driver of
decisions. As this study is only considering the suitability for irrigated cotton production,
rainfall is irrelevant with the upper catchment, located beyond the bounds of the study area,
being the source of this water. Similarly, other attributes such as the soil depth and rockiness
were not considered as these are not relevant to this specific region. The developed suitability
rulesets (Table 7.1) were applied to produce a rating for each attribute. A most limiting factor
approach was employed where the lowest suitability class of any parameter at each pixel was
labelled as the overall suitability (Kidd et al., 2015; Klingebiel and Montgomery, 1961). All
analysis related to the creation and application of rulesets occurred using ‘R’ (R Core Team,

2023) and maps were formatted using ‘QGIS’ (QGIS.org, 2023).
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Table 7.1. The suitability ruleset for irrigated cotton production in the lower Murrumbidgee valley.

Soil chemical PAWC in the first
suitability Slope metre of the soil
Suitability class profile
(Depth to soil (%)
constraint (m)) (mm)
Well suited >0.8 <0.5 >125
Suited 0.6-0.8 0.5-1 100-125
Marginally suited 0.3-0.6 1-2 75-100
Unsuited 0-0.3 >2 <75

7.3.1. Depth to soil constraints and soil chemical suitability parameters

Rather than applying a ruleset for pH and ESP it was decided to identify the depth to any soil
chemical constraint and utilise this as a parameter. While the impact of soil constraints on plant
growth variers, irrespective of the constraint, the shallowest depth at which it occurs influences
plant growth by limiting the effective rooting depth (Dang et al., 2006). DSMs for the two soil
attributes were modelled in Chapter 6 of this thesis, with mapped depths of 0-0.1, 0.1-0.3, 0.3-
0.6, 0.6-0.8 and 0.8-1 m for each attribute. A function was developed to identify the upper most
depth (0, 0.1, 0.3, 0.6 or 0.8 m) where a cotton plant growth threshold was exceeded.
Thresholds for pH and ESP were chosen primarily on the soil chemical interpretations of

Hazleton and Murphy (2007), alongside discussions with local agronomists.

In depth to soil constraint studies the upper threshold for sodicity (ESP) is often set to 15%
(Filippi et al., 2020; Pozza et al., 2022). Chapter 5, however, has demonstrated that cotton can
be grown successfully on soils exceeding this level. Further, discussions with local stakeholders
revealed that irrigated agriculture on these sodic soils is common practice as is seen when
consulting land use maps (Figure 7.1). As a result, the threshold for ESP was set to 20% as a
balance between previous studies (Filippi et al., 2020; Pozza et al., 2022), published
considerations of sodicity (Dodd et al., 2010, 2013b) and local knowledge. The threshold for
pH was set to 9 in accordance with published depth to constraint studies (Filippi et al., 2019;
Hazleton and Murphy, 2007; Tilse et al., 2022), as this is the point where nutrient deficiencies
can be induced (Dang et al., 2006; Gupta & Abrol, 1990).

Salinity was not considered in the in the constraint analysis as it has been previously
demonstrated that irrigated cotton production can reduce soil salinity (Filippi et al., 2018a).
This trend was observed in the ECe maps, with lower predicted salinity in areas that have been

developed for irrigation. Consequently, it was believed that salinity is likely to reduce under
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irrigated cotton production and therefore it would not have been appropriate to classify areas
as unsuitable on account of this. The inclusion of ECe would have also classified extensive
areas in the west of the region, where cotton is known to be successfully grown (Figure 7.1),
as unsuitable. While this was the case, to a lesser extent, for ESP the 15% threshold was able
to be increased on account of findings in literature (Dodd et al., 2013b). Given maps for both

ESP and ECe predict similar spatial trends, it was decided to incorporate ESP only.

N

[ Study area

Landuse
[ Trrigated cropping
Il River
W Irrigation channel

0 25 50 75 100 km

Figure 7.1. The area within the lower Murrumbidgee valley used for broadacre irrigated cropping. Also
shown is the pathway of the Murrumbidgee River, distributary streams and irrigation channels (NSW
DCCEEW, 2023). Much of the irrigated cropping land, especially in the central and west of the region,
includes cotton as a central part of the crop rotation.

Maps of the depth to constraint, where each pixel was assigned a depth value, were then
produced for each soil attribute and visually assessed. If these attribute thresholds were not
predicted to be reached at any point in the first metre of the profile a value of 1 (metre) was
assigned. The rasters for the depth to pH and ESP constraints were stacked to identify the most
limiting constraint, that being the constraint predicted to occur closest to the surface in each
pixel. A function was then employed on the raster stack to identify the depth to any constraint.
Soil chemical suitability classes of well suited (>0.8 m), suited (0.6-0.8 m), marginally suited

(0.3-0.6 m) and unsuited (<0.3 m) were assigned based on this depth (Table 7.1).
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7.3.1.1.  Slope suitability parameters
A raster of slope (%) (Gallant and Austin, 2012a) at an original resolution of 30 x 30 m was
extracted on a 90 m grid for the region. A low slope is required to minimise the soil that must
be moved through land-reformation to achieve a target gradient of approximately 0.3% for
irrigated cotton production (CRDC and Cottonlnfo, 2023). The suitability classes for this
parameter (Table 7.1) were decided upon by consulting previous studies of Thomas et al. (2018)
in northern Australia and Walke et al. (2012) in India. After discussions with stakeholders on
what slope would be uneconomical to reform, final classes of well suited (<0.5%), suited (0.5-

1%), marginally suited (1-2%) and unsuited (>2%) were decided upon (Table 7.1).

7.3.1.2.  Plant available water capacity (PAWC) suitability parameter
Soil PAWC to a depth of 1 m was calculated using pedotransfer functions (PTFs) developed by
Padarian Campusano (2014). These PTFs were applied to each depth increment (0-0.1, 0.1-0.3,
0.3-0.6, 0.6-0.8 and 0.8-1 m) incorporating DSMs for cation exchange capacity (CEC), sand
content and clay content developed in Chapter 6. The utilisation of PTFs to predict PAWC has
been previously demonstrated at farm (Tilse et al., 2022), regional (Malone et al., 2009) and
national (Hong et al., 2013) extents.

For each depth increment, the drained upper limit (DUL) (cm®/100cm?) was estimated using
clay content, sand content and cation exchange capacity (CEC) (Equation I). This PTF reported
an R? and RMSE of 0.75 and 4.53%, respectively (Padarian Campusano, 2014). The crop lower
limit (CLL) (cm?/100cm®) for each depth increment was then estimated using a PTF
incorporating clay and sand content (Equation 2). This PTF reported an R? of 0.65 and RMSE
of 4.37% (Padarian Campusano, 2014). The PAWC was determined for each depth increment
by subtracting the CLL from the DUL. To calculate the PAWC for each horizon, this value was
multiplied by the horizon depth (mm) before being multiplied by 10 (conversion to mm). The

total PAWC (mm) to a depth of 1 m was determined by summing each of the five horizons.

Equation 1. Pedotransfer function for drained upper limit (DUL) (Padarian Campusano, 2014):
DUL(cm3/100cm3) = 0.2358 + 0.002572CEC + 0.001001clay — 1.70 X 10~ 7sand?
Equation 2. Pedotransfer function for crop lower limit (CLL) (Padarian Campusano, 2014):

CLL(cm3/100cm3) = 0.1476 + 9.002 x 10~ 5clay? — 0.00115sand — 9.752 x 10~ 7 clay?

The suitability parameters for PAWC were based on the studies in northern Australia (Thomas
et al., 2018), Queensland (DSITI & DNRM, 2015) and India (Walke et al., (2012). There is,

however, no consistently defined boundary between PAWC suitability classes in literature
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despite its importance (CRDC & Cottonlnfo, 2023). For example, SOILpak (McKenzie, 1998),
the ‘best practice soil management manual’, states specific target thresholds for attributes such
as pH, however, for water storage and PAWC, the target is only stated as ‘maximise’. As a
higher water holding capacity is crucial in the selection and efficacy of irrigation systems, and
the variability in key determinants of water holding capacity in this region has been
demonstrated, the parameters from previous studies were tightened. Rather than a minimum
PAWC of 50 mm (DSITI & DNRM, 2015; Thomas et al., 2018) being considered the threshold
for a soil to be unsuited, the final level was set to 75 mm (Table 7.1). The final ruleset thresholds
were: well suited (PAWC >125 mm), suited (PAWC 100-125 mm), marginally suited (PAWC
75-100 mm) and unsuited (<75 mm) (Table 7.1).

7.3.2. Cotton suitability classification and the most limiting constraint

Following their individual suitability classification, the three rasters for soil chemical
suitability (determined through depth to any constraint), slope and PAWC suitability were
stacked. A function was developed to identify the most limiting factor at each pixel. In
situations where the three attributes were equally limiting, PAWC was allocated the most
limiting factor. This was on the basis that PAWC is the result of inherent soil properties not
easily altered by management practices. Soil chemical constraints, however, can potentially be
ameliorated or managed while slope can be altered through land reformation. To determine the
overall suitability a function was employed to identify the least suitable class among the three
parameters at each pixel, with this being set as the overall suitability. To improve
interpretability, maps of the most limiting factor and overall suitability were smoothed using a

majority filter over a 5 x 5 moving window.

7.4. Results and discussion

7.4.1. Depth to soil constraints and soil chemical suitability

There are only isolated pockets of land where soil pH is alkaline to the point of exceeding plant
limiting thresholds (pH > 9) within the first metre of the soil profile (Figure 7.2). Consequently,
most of the region’s soils can be considered unconstrained by pH (Figure 7.2). Points where
pH is likely to impact cotton production are limited to calcic soils in the west, palacochannel-

adjacent soils in the south and hillslope soils (Butler, 1979) in the east (Figure 7.2).
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While Australian soils are formally considered ‘sodic’ when ESP exceeds 6% (Isbell & NCST,
2021), this study mapped a soil ESP threshold of 20% on the basis that cotton is known to be
grown on these soils (Figure 7.1). The ESP map suggests that soils in the east are not
constrained within the first metre of the profile (Figure 7.2). As ESP increases along the east-
west axis, the depth to a constraint being reached decreases with increasing distance to the
west. Consequently, the depth to any constraint is more closely tied to ESP than pH (Figure
7.2). At points in the centre and west of the region constraints are frequently encountered within
the first 0.3 m of the soil profile (Figure 7.2). This is consistent with initial observations of the
region’s soils by Talsma (1968) who noted ESP to be lower in the eastern areas, increasing
along a westerly trend. The spatial pattern is also consistent with recent work of Pozza et al.

(2022).

In a study within the Lachlan Valley, Bennett et al. (2014) identified that to reduce ESP below
6% from 0-0.4 m at a specific site, where the pre-treatment ESP ranged from 11-38%, would
be economically unviable. Consequently, when soils are extremely sodic and have exceeded a
point where amelioration is economically viable a focus should be placed on management
(Ghosh et al., 2010; Hulugalle et al., 2010). The Murrumbidgee valley serves as an example of
this, where sodic soils are farmed effectively (Figure 7.1). One reason for this could be the
mechanisms through which sodicity influences yield. Dodd et al. (2013) showed that, up to an
ESP of 19, sodicity primarily impacts cotton yield through the soil’s structural collapse. Beyond
this point, however, it becomes chemically constraining through toxicity (Dodd et al. 2013b).
Dodd (2010) also found that cotton plant growth is largely unaffected by ESP values of up to
15%. Targeted irrigations can also illicit a positive response from certain crops in extremely
sodic soils (Sharma et al., 1990). Considering the above, a focus on management to prevent

further sodification and targeted irrigations, as outlined by Dagar et al. (2022), should occur.

In regard to cotton production, the majority of the region’s east is unconstrained by pH or ESP
(Figure 7.3). Overall, 37.7% of the area is considered unconstrained in the first metre of the
profile (Figure 7.3), with these areas considered as well suited to cotton production and often
following pathways of palacochannel deposits (Figure 7.4). Centrally within the region the
palaeochannel influence is clear, with veins of well suited land with suitability decreasing as
the perpendicular distance increases (Figure 7.4) For 17.6% of the region, primarily in the far
west and east (Figure 7.3), pH is the most limiting soil chemical constraint. In these instances,
soils are most likely to be classed as marginally suited to cotton production on account of pH

(Figure 7.4). Overall, ESP is the most limiting soil chemical constraint for 44.7% of the region’s
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soils, particular in the area’s centre (Figure 7.3). As the depth to constraint varies, the overall
suitability of these soils, on account of soil chemical constraints varies also (Figure 7.4). In
areas where ESP is most limiting, soils are commonly classed as marginally suited or unsuited

to cotton production on account of this (Figure 7.3, Figure 7.4)

Overall, when applying the soil chemical suitability ruleset to the depth to any soil constraint
data, 40.9% of the lower Murrumbidgee is considered well suited while 9.5% is considered
suited (Figure 7.4). In total, 17.5% of the region is considered unsuited to cotton production

while a further 32.2% are marginally suited based on soil chemical suitability (Figure 7.4).
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Figure 7.2. The depth where a plant limiting constraint is reached for ESP (20%) and pH (9). Also shown is the shallowest depth to any soil chemical constraint.
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Figure 7.3. The most limiting soil chemical constraint determined in this research for the study area.
Where no limits were exceeded for pH or ESP within the first metre of the soil ‘no constraint’ was

assigned.
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Figure 7.4. The chemical suitability of lower Murrumbidgee valley soils for irrigated cotton production

determined by identifying the depth where pH or ESP will constrain plant growth.
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7.4.2. Slope suitability

Across most of the region slope is not a factor limiting cotton production (Figure 7.5). In total,
94.1% of the region’s slopes are at a level considered well suited (<0.5%) or suited (0.5-1%)
to cotton production. This is expected given the region falls on the Riverine Plain, an alluvial
landscape with only a gradual east-west slope. In the south, pockets of marginally suited (slope
1-2%) or unsuited (slope >2%) land are linked to palacochannel systems and their associated
dunes (Figure 7.5). In the west of the region greater slopes are linked to dune systems from the
Mallee landscape, with this landscape described as the ‘Mallee Cliffs Sandplains’ (Mitchell,
2002). In the far east, marginally suited or unsuited land is linked to hillslope soils (Figure 7.5).

The consideration of slope as a limiting factor is based upon the amount of soil required to be
moved to achieve a target gradient of approximately 0.33% (CRDC and CottonInfo, 2021).
Abdullaev et al. (2007) identify, over a three-year study in Tajikistan, that appropriately
levelled fields can significantly decrease water use, reducing runoff by 24% and increasing
gross margins by 92%, on average, over the three-year period of their study. The initial slope,
however, should require minimal earth movement to minimise costs and soil impacts (Miao et
al., 2021). Cay and Cattle (2005) identify that land reformation on cotton soils in the
neighbouring Lachlan Valley significantly impacts pedologically differentiated soil types, with
the scalping, or mixing, of the topsoil potentially exposing constraining subsoils. This, in turn,

will impact the suitability, decreasing the depth to which a soil chemical constraint is reached.
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Figure 7.5 Classes of suitability for landscape slope (%), for irrigated cotton production, across the
lower Murrumbidgee valley.

7.4.3. Plant available water capacity (PAWC) suitability

The predicted PAWC across the region was consistent with observations of soil classes. The
prominence of clay soil types resulted in little variability in PAWC across the central and
western regions (Figure 7.6). Lower PAWC predictions are associated with the pathways of
paleochannel systems where streambed or dune sands are likely to be present (Figure 7.6). The
heavier clay soils were generally classified as well suited to irrigated cotton production on
account of PAWC (Figure 7.7). Overall, these soils account for 51.9% of the region while a
further 47.2% of the area’s soils are classed as having a PAWC suited to cotton production.
This is expected given the deep, alluvial soils that account for much of the region. Where the
veins of sandy soils are present, either in palacochannel streambeds or on associated sand
dunes, PAWC may be reduced to levels considered marginally suited or unsuited to irrigated
cotton production (Figure 7.7). In total 0.8% and 0.1% of the area is considered marginally
suited or unsuited due to PAWC, respectively. Low PAWC soils are agronomically concerning
due to difficulties in managing irrigation systems when this variability appears at the within-
field scale, an occurrence already demonstrated in this thesis (Chapter 5). Given the narrow

form of streambed sands in the west of the region, it is possible that low PAWC soils may be
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under-represented. Given this, at a finer spatial support PAWC may become a more limiting

factor.
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Figure 7.6. Predicted PAWC (mm) to a depth of 1 m across the lower Murrumbidgee valley.
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Figure 7.7. Classes of suitability for irrigated cotton production for PAWC (mm) to a depth of 1 m
across the lower Murrumbidgee valley.
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The PAWC is critical in assessing soils for cotton production, however, parameters for PAWC
are not clearly defined. To maximise lint yield a cotton crop requires approximately 800 mm
of water during the growing season (CRDC and Cottonlnfo, 2023) and a sufficiently large
PAWC to store moisture between irrigation cycles and through fallow periods. The parameters
set in this study seek to balance past literature with regionally specific observations. This study
has calculated the total PAWC to 1 m, however, Figure 7.4 identifies that 62.3% of the study
area is constrained by alkalinity or sodicity within the first metre of the soil profile. This can
result in stored water being unavailable for plant uptake. Tilse et al. (2022) quantified
interactions between the depth-to-shallowest constraint to determine the constrained available
water capacity (AWC). Across 80,000 ha in northern NSW they determined that the water made
unavailable due to constraints, calculated as PAWC minus the constrained PAWC, ranged from
0-206.4 mm in the upper 1.2 m of soil the profile (Tilse et al., 2022). While this study has
applied these two parameters separately in the suitability analysis, there is the potential to
synthesise these resources into a single constrained PAWC map at either the valley or farm

scale.

7.4.4. Classification and mapping of soil suitability for irrigated cotton production

In total, 16.7% of land, is considered well suited to irrigated cotton production, with these areas
spread throughout the region (Figure 7.8). A further 31% of the area is considered suited for
cotton production (Figure 7.8). The location of these areas, particularly in the east of the region
and near the Murrumbidgee River, align with understandings of where cotton can, and has,
been successfully grown (Figure 7.1). While the industry has only expanded significantly in
the last 15 years, soils of the region’s east have been successfully farmed for up to a century.
Suitability generally decreases along an east-west axis (Figure 7.8) which is consistent with
locations where the depth to a soil chemical constraint becomes shallower (Figure 7.2) and soil
chemical constraints become the most limiting factor (Figure 7.9). Overall, 34% of the area is
considered as marginally suited while a further 18.4% is considered unsuited to irrigated cotton
production (Figure 7.8). Many of these unsuited or marginally suited areas, particularly in the
centre of the study area, have been used to successfully grow cotton, suggesting further

interrogation of the most limiting factor and management options are required (Figure 7.1).

Suitability, especially low suitability, is spatially linked to sodicity (Figure 7.3; Figure 7.8).
This is not surprising given soils in this region have previously been identified as extremely

sodic, especially in the west. Interestingly, some patterns of suitability align with schematic
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landscape diagrams presented over 60 years ago (Figure 2.16). In the central north of the region,
channels of well suited and suited land are flanked by unsuited areas. The distance over which
this occurs is similar to the initial landscape models of Butler (1958) and Langford-Smith
(1960). This is not surprising given that landscape models of this kind informed the initial
development of irrigated land within the region. When considering areas that are constrained
by sodicity these resources should be considered alongside agronomic knowledge. This is
because it has been demonstrated that cotton, under certain management, can be grown
successfully in strongly sodic soils (Chapter 5). As overall plant production is influenced by a
complex suite of factors, these products, and suitability maps in general, should be considered

alongside local agronomic resources to assess the practical implications of the ‘hard rulesets

employed.

Based on this analysis, the most suited land not presently used for irrigated cotton production
is located in the region’s south and central north (Figure 7.8). Based on the trends of suitability,
these pockets of land spatially align with the pathways of younger palacochannel systems (Page
& Nanson, 1996; Page et al., 2009). This suggests that understanding the pathways of these
systems and their characteristics can directly assist in understanding suitability. This linkage is
not surprising as it was the foundation of initial land use considerations within soil surveys in
the region’s east and has underpinned the ongoing success of these irrigation areas (Butler,

1979; van Dijk, 1961; van Dijk & Talsma, 1964).
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Figure 7.8. Soil-landscape suitability for irrigated cotton production across the lower Murrumbidgee valley in southern NSW. Soils are classified as: well suited,
suited, marginally suited, or, unsuited.
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7.4.5. Most limiting factor

The identification of the most limiting factor alongside overall suitability is important in
assessing land management options. Across the lower Murrumbidgee valley, soil chemical
constraints are the most limiting factor by area, limiting suitability for 52.9% of the region.
Soil PAWC is the second most limiting factor, covering 24.9% of the area primarily in the east
and along tracts of paleochannel systems (Figure 7.9). Slope is the least limiting factor by area,
primarily contained to land surrounding the Murrumbidgee River and on slopes in the far east
(Figure 7.9). Areas where PAWC is the most limiting factor may be equally limited by slope
as many of the region’s sandier soils are associated with dunes (Stannard, 1970). A total of
16.7% of the lower Murrumbidgee is unconstrained by the assessed parameters, with pockets

of this land spread throughout the region (Figure 7.9).

It is important to consider the most limiting factor alongside the overall suitability (Figure 7.8)
and the suitability of individual parameters. This is because not all limiting factors have the
same impact. For example, while PAWC is the most limiting factor for roughly a quarter of the
region (Figure 7.9) this is primarily in the east where PAWC is still classed as suited for cotton
(Figure 7.8). Conversely, many areas where soil chemical constraints are the most limiting
factor are classified as unsuited or marginally suited (Figure 7.4). A focus may be placed on
managing the latter, however, PAWC and slope are largely inherent and generally unable to be
sustainably or economically altered. Further, a low PAWC cannot simply be addressed by
irrigating more frequently, with Neupane et al. (2021) identifying that cotton yields do not
respond to increased water application in soils with >50% sand content. At the within-field
scale PAWC may be a more significant local limitation in areas otherwise regarded as suitable.
While not a significant factor due to the landscape of the lower Murrumbidgee valley, where
greater topographical variability is present slope will more frequently be a limiting factor, as

demonstrated by Thomas et al. (2018) in northern Australia.
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Figure 7.9. The factor identified in this study to be most limiting to irrigated cotton suitability across the lower Murrumbidgee valley.
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7.5. Opportunities to enhance this study

Incorporating local knowledge in parameter selection and subset determination was important
as if chemical suitability parameters from other studies were used, a higher proportion of land
known as capable of producing cotton would have been considered marginally suited or
unsuited. Despite this, these parameters remain somewhat subjective, and classes are hard to
quantify in terms of actual cotton production. Consequently, the maps produced, while
providing value to the industry by leveraging soil spatial information, are a guide only and
there are opportunities for improvement. While categorical classifications as applied in this
study are common, hard distinctions may not be representative of the continuity of land
(Triantafilis et al., 2001). Further, it is difficult to realistically justify that a PAWC of 99 and
101 mm are classed separately despite their similarity while values of 101 and 124 mm, despite
being more different, are placed in the same class. From a management perspective a difference
of 2 mm is unlikely to govern decisions. Malone et al. (2015) presented a similar perspective,
highlighting a lack of sensibility in classing that plants will grow in a subsoil with a pH of 5.5
but not 5.4. With respect to soil chemical constraints specifically, the depth to constraint
approach employed in this study may be a more appropriate option than hard thresholds for
each soil property. Another alternative to these ‘hard rulesets’ is to develop continuous classes,
an example of which is outlined by Triantafilis et al. (2001) who employed a fuzzy approach
as an alternative method to classify land on a scale of 0 (unsuitable) to 1 (suitable). Further,
cotton is grown within the region in rotations with other crops. Consequently, decisions on
landuse and practices are seldom based on cotton only with considerations for wheat, barley

and corn, among others, required.

Quantifying the uncertainty of DSMs and incorporating this into DSAs can increase the value
and reliability of the resource. There are various methods available for undertaking this and
understanding prediction confidence spatially. Across Australia it is common for soil sample
datapoints to be densely concentrated in some areas but spatially sparse in others, as visualised
by Searle et al. (2021). This can lead to misleading model validation statistics resulting from
spatial autocorrelation. To avoid this, spatial cross-validations can be used, as demonstrated by
Pozza et al. (2022). Their study also implemented the area of applicability, a method developed
by Meyer and Pebesma (2020), to spatially identify where reliable predictions can be made.

Carre et al., (2007) outline approaches to assess the accuracy of soil information, environmental
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covariates, soil geographic space inference systems and DSMs, allowing for the accounting of

different types of error, from each of these sources, prior to the undertaking of DSAs.

The benefits of incorporating uncertainties into suitability assessments are demonstrated by
Malone et al. (2015) who, in a Tasmanian study assessing land suitability for hazelnut
production, showed an assumption of error-free inputs predicted 18% of land as unsuited
(Malone et al., 2015). In contrast, when the suitability was determined using the limits of the
90% confidence prediction interval, 66% of land was predicted as unsuited (Malone et al.,
2015). It was discussed that this was because the root mean square error (RMSE) for pH and
ECe, two main contributors, were near the rigid level of their respective parameter thresholds
(Malone et al., 2015). Carre et al. (2007), however, note even if a map has a high uncertainty,

it is a good starting point in DSA exercises.

This study demonstrated the capacity of DSAs and applications of this kind should not be
limited to a single industry. In Tasmania, Kidd et al. (2015) assessed 20 different crops while
Harms et al. (2015) evaluated land for 76 different uses in the Flinders and Gilbert catchments
of northern Australia. A similar undertaking could be of benefit in the lower Murrumbidgee
given the highly variable soils and diverse agricultural industries already present. For larger
land holders, this may allow greater diversification with confidence that the ‘most suitable’
crop is being grown on the ‘most suited’ land. In irrigated areas, such resources are valuable

given the cost outlay often required to develop or change irrigation systems.

Assessing the suitability for all potential landuses may also provide the opportunity to follow
the pathway outlined by Kidd et al. (2015) involving the creation of an enterprise versatility
index or the median potential gross margin, allowing the most versatile or highest valued land,
respectively, to be identified (Kidd et al., 2015). Regardless of future approaches, DSAs can
provide valuable support resources to guide decisions. This is of critical importance
considering the increased pressure placed upon farmers from increasing input and operational

expenses, fluctuating commodity prices, variable climatic conditions and water scarcities.
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7.6. Conclusion

This study conducted a digital soil assessment (DSA) to showcase how soil suitability for
irrigated cotton production varies in the lower Murrumbidgee valley of southern NSW. Land
was classified into four categories: well suited, suited, marginally suited, or unsuited. This
classification was based on regionally specific rulesets for three parameters: the depth to soil
chemical constraints, slope, and PAWC. Overall, 16.7% of the region is considered as well
suited for irrigated cotton production, 31% is considered suited, 34% is considered marginally
suited and 18.4% is considered unsuited. Much of the area considered well suited has already
been used to grow cotton, particularly in the east of the lower Murrumbidgee valley. Across
52.9% of the region soil chemical constraints were the soil-landscape factor most limiting to
irrigated cotton production. Due to the impact that soil constraints have on the effective rooting
depth of plants, suitability on account of this factor was determined by identifying the depth to
any soil constraint. These depth-to-constraint maps are a further application of DSAs, effective
in streamlining the dissemination of information to stakeholders. Across 44.7% of the region
an ESP of 20% was reached within the first meter of the soil profile, while 37.7% of the region
was considered unconstrained by pH or ESP. Although PAWC was the most limiting factor for
a quarter of the area, most of this land was still classed as suited for irrigated cotton production,
with only 0.9% of the lower Murrumbidgee considered marginally suited or unsuited due to
this parameter. This highlights the need for multiple levels of information including the overall
suitability, most limiting factor, and specific influence of this factor, to fully interpret the
information. These products should be considered alongside agronomic knowledge of the
region as it is known that cotton is able to be grown in areas where soil chemical constraints
are present. If further land was to be developed for irrigated cotton production, this analysis
demonstrated the most suited land for this to occur is in the south and central north of the lower
Murrumbidgee valley. This land has likely not been developed due to the distance from the
Murrumbidgee River or irrigation supply channels. Access to groundwater, however, may see

this land developed in the future.
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Chapter 8

8. General discussion and concluding remarks
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8.1. Introduction

This project was designed to meet the needs of, among other industry members, farmers,
agronomists and land managers. This chapter is a two-part discussion synthesising takeaway
messages relating to within-field variability and considerations on data at a valley-wide level.

Within each of these discussions, future research directions will be touched on.

Broadly speaking, future research in this region does not need to rely on creating new methods.
Farmers and agronomists are eager to learn more about their soils and how to optimise
management decisions. Support tools, therefore, can be created by applying and appropriately
using a combination of existing methodologies as has been done here. In undertaking any future
work, it is imperative to work directly with the industry and its stakeholders. Despite a lack of
published data and/or soils information within the region, most farms have multi-generational
owners and the farmers have a strong understanding of their soils. The missing link is
undertaking basic and applied research to place a scientific foundation behind this anecdotal
knowledge. To conclude this thesis, each of the research questions and associated aims will be

addressed before final concluding remarks are made.

8.2. General discussion

It has been known for almost a century, by researchers and farmers alike, that the soils of the
lower Murrumbidgee valley are highly variable. Despite this, until now most research work
has focused solely on the eastern irrigation areas, which was initially appropriate given the high
infrastructure investment in these locations. The expansion of the cotton industry has, however,
highlighted that more information relating to soils and how they should be managed is required

for the lower Murrumbidgee valley in its entirety.

8.2.1. Moving forward: Soil variability in relation to cotton production

This research demonstrated that morphologically distinct deep sandy and heavy clay soils occur
directly adjacent to each other. When cotton is grown under surface or flood irrigation systems,
including using siphons and furrows or pontoon systems, and this variability is present, it was
demonstrated that sandier areas produce lower cotton lint yields. This likely results from the
impact of texture on soil hydrology and water holding capacity, with sandier soils exhibiting
higher infiltration rates, saturated conductivity and a lower water holding capacity (Hazleton
& Murphy, 2007). This contrast in textures also presented interesting findings regarding

sodicity. Across the lower Murrumbidgee valley, sodicity was shown to be prevalent, especially
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in the west. While this has appropriately been identified as an area of concern (Holland and
Eastwood, 2014), at both Farm A and Farm C a higher ESP was positively correlated with
cotton lint yield. An extreme example of this was seen at Farm A where, in the higher yielding
production zone, ESP approached and surpassed 30% in the subsoil. This highlights the
importance of understanding the full suite of soil properties. While some sodic areas of the
paddock may benefit from specific management, such as gypsum application, at a paddock-
level the strongest influence comes from soil texture. The variability observed here is
anecdotally understood to occur across the region. An opportunity to address this, while also
understanding the impact of sodicity in the higher yielding areas of fields, is through the

development of production/management zones.

This study demonstrated the capacity for production zones to be derived from yield data
obtained from a commercial cropping operation. The maintaining of quality yield data,
however, is imperative in allowing this process to occur. From a statistical perspective, there
are other methodologies that allow for the development of production or management zones,
including using only remotely sensed data (Leo, 2022). The derivation of zones allows specific
areas of paddocks to be managed more appropriately, as homogenous units (Whelan &
McBratney, 2000). Each unit can then be optimally farmed, with inputs matched to the capacity
of the soil (Whelan & McBratney, 2000). In this study, where texture was shown to be primarily
driving yield variability, this would mean setting lower yield targets in sandier areas that are
incapable of supporting higher yields under flood irrigation systems. A reduction in inputs will
be of both economic and environmental benefit. For example, in areas where soil texture is
most limiting through its influence on soil hydrology, increased applications of nitrogen will
have no positive impact and may have undersides consequences downstream from

eutrophication.

Deciding on which methods to employ to understand within-field variability spatially can be
difficult. Digital soil mapping (DSM) can be complex, with Filippi et al. (2024) noting a lack
of expertise as a reason it is not commonly undertaken at the field scale. An alternative method
is the simple spatial interpolation of data between sampling points. As a consequence of this,
grid sampling is a common technique used by some consultants, as a high density of datapoints
is required for the interpolation process. Both the cost of sampling and the time it takes
increases under such a strategy, reducing the capacity of additional subsoil samples to be taken.
Spatially informed zonal sampling may be considered, however, the initial drawbacks

regarding expertise or a lack of data may be realised, and grid sampling is chosen again.
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As this study demonstrated, linear models may be an alternative approach to understanding
spatial variability at the paddock scale. Where machine learning methods are complex to
implement and interpret, while also requiring more training data, linear models are relatively
intuitive, interpretable and can be developed with fewer samples. By removing the need to
interpolate data spatially, random stratified or targeted sampling can occur with models then
developed and predictions made using spatial covariates. By removing the need to interpolate
between points, management or production zones can be used to develop representative
sampling plans, eliminating the need for grid sampling (Mallarino & Wittry, 2001; Tilse et al.,
2022). This has the potential to reduce the number of samples and cost outlay, required to
accurately understand spatial variability (Lawrence et al., 2020; Tilse et al., 2022). The
reduction in samples taken from using a zonal approach may also allow for more subsoil
samples to be analysed within the same budget. The importance of this is demonstrated in this
study, with the strongest soil-yield correlations present in the subsoil. It is at these depths where
later season crop growth and cotton boll development will likely be impacted as plant roots
explore deeper in the soil profile (CRDC & CottonlInfo, 2023). The sampling of the subsoil can
also allow for the concurrent modelling of soil to depth, as demonstrated here. This presents
opportunities to develop within-field depth-to-constraint maps, as described by Tilse et al.
(2022). As demonstrated at the valley-scale in this study, these can reduce the dimensionality

of data, simply showing the target variable of interest.

To achieve desired model quality, strong consideration should be given to the number of sample
sites required. This will vary depending on the heterogeneity of each paddock. This research
showed that an increase in sample size, at Farm C, increased model quality and also resulted
in the inclusion of more spatial covariates, both proximally and remotely sensed, in the final
model. In contrast, at Farm A only proximally sensed covariates (electromagnetic induction
and gamma radiometric data) and layer mid-depth were included in the final model. This study
did not seek to examine whether proximal or remotely-sensed covariates produce superior
models, so it is not appropriate to make statements on which combination of these covariates
will best serve landholders. However, given the inclusion of proximally sensed covariates in
all field-scale models, and their selection as sole predictors at Farm A, there may be value in

obtaining this data, especially if less soil samples are to be taken.

Considerations should be given to the efficacy of surface irrigation systems where there is
extreme variability at the within-field scale. Roth et al. (2013) state that gravity-surface

irrigation systems have traditionally been the mainstay of the Australian cotton industry, but
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there has been a shift to increased adoption of overhead pivot or lateral-move irrigation
systems. These systems can allow for the integration of variable rate irrigation technology,
providing the capacity to improve both water and nitrogen use efficiency, the latter through
fertigation (Antille, 2018; McCarthy et al., 2023; Neupane & Guo, 2019). Given the significant
costs associated with these inputs, and the extent to which textural variability occurs in lower
Murrumbidgee valley soils, these systems warrant further investigation. Future research should
seek to assess the viability and potential benefits to be gained from these overhead systems
and/or variable rate irrigation in southern NSW specifically. Bankless channel irrigation
systems have also become more common recently and may be a ‘middle of the road’ alternative

between flooded furrow and overhead irrigation systems.

To conclude, the cotton industry in southern NSW has gained by learning from the industry in
the north of the state. The soils in the lower Murrumbidgee valley, however, are highly variable
and distinctly different from those in the Gwydir or Namoi valleys where much research has
been focused (Cattle & Field, 2013). Given the extent of within-field variability in this region,
and the impacts that this has on yield, a new regional focus is needed. This paradigm shift may
include taking a zonal approach to management, with yield targets set based on the inherent
capacity of the soils or considering new irrigation systems. Future research should target the
latter; different irrigation systems may be required to maximise efficiency in the lower
Murrumbidgee valley compared to northern growing regions. To make informed decisions on
management there is also a need to understand the full suite of soil attributes to depth. Zonal
sampling and bespoke DSM methods present an opportunity here, however, these benefits need
to be clearly communicated to stakeholders. A key focus should be this communication, both
through extending scientific knowledge but also by listening to what stakeholders require from

researchers.

8.2.2. Improving digital soil mapping at the regional scale

The quality of a DSM output is dependent on the soil data, the spatial covariate data as well as
practitioner expertise and the methods employed in its development. In the latter two instances,
technological advancements have seen DSM advance rapidly and there are opportunities to
improve practitioner skill. To see significant improvements at a local level a greater quantity
of quality data is needed. This is not to say that there isn’t data available, as testing and private

surveys are common in the lower Murrumbidgee valley. If data and information were to be
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shared, however, new knowledge can be derived for stakeholders in the cotton industry and

land managers in the lower Murrumbidgee valley.

This study has shown the potential of regionally-developed DSMs, reinforcing other research
that has suggested that regional, or even local, DSM approaches outperform state, national and
global models (Lemercier et al., 2022). There is the capacity to improve the accuracy of the
soil mapping products by increasing the data incorporated into the modelling process. A future
direction should look towards data sharing at an industry or regional level to further improve
resources targeted specifically to that industry or region. While some farmers may be
apprehensive about sharing data due to privacy concerns, there are appropriate means with
which this can be anonymised with codes now developed for sharing data under agreed terms
and conditions (Australian Research Data Commons [ARDC], 2024). This can then be used to
build or improve models, with raw data not publicly released. If led by known industry

members, trust may increase also.

There are multiple potential benefits from this. The first of these is through improved general
spatial resources, such as the models and maps produced here, the quality of which would likely
increase with more data. Improved models then have the capacity to be of benefit at the farm,
as well as valley scale. This could occur through spatial downscaling (Malone et al., 2017b) or
through using the regional model and data in association with on-farm data to improve bespoke
farm or paddock scale DSMs. The benefits of this have been demonstrated by Filippi et al.
(2020) in the Namoi valley.

This thesis also showcased the potential of DSMs to be used as inputs for digital soil
assessments (DSAs), such as depth-to-constraint maps and suitability classifications for
numerous crops. These resources can assist with guiding investment in infrastructure or can be
used to make decisions on diversifying production systems. There is also the capacity, as
outlined by Kidd et al. (2015), to develop enterprise versatility indexes or enterprise specific
gross margins. The latter can provide an understanding of land value spatially based on
production capacity. This may further investments in off-farm infrastructure, such as

processing or value adding facilities, by quantifying the productive capacity of land.

Lastly, a point for consideration. Initial soil surveys of the Murrumbidgee Irrigation Area,
almost a century ago, classified suitability for horticultural crops, laying the foundation for one
of Australia’s most productive ‘food-bowls’. It guided investments in appropriate infrastructure

targeted to specific crops based on soil type. There is no reason, given the ‘data age’ we are
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living in, that similar but more technological approaches cannot be employed again. This is of
particular importance given increased pressure placed on farmers through rising input costs
and fluctuating water allocations. Farmers are also seeking to maximise water use efficiency
which may result in land re-development or changes to the production system entirely.
Improved access to spatial information can assist in decision making, including selecting the

most sustainable land to develop or reform.

Ultimately there are benefits to be gained from improving understandings of the spatial
distribution of soil properties. Irrespective of the target soil property, an increase in data will
be of benefit. Presently, many farmers have access to a wealth of valuable soil data that, if
harnessed, could develop products to advance agricultural industries in the lower

Murrumbidgee valley.

8.3. Addressing the aims and research questions of this thesis

1. To morphologically classify lower Murrumbidgee valley soils and discuss their
occurrence in relation to palacochannel systems at a regional and within-field scale
a. What are the typical morphological characteristics of lower Murrumbidgee valley

soils?

While the morphological characteristics of the region’s soils vary, it was demonstrated that in
the west of the region, clay soils are dominant. This provides a more targeted insight into the
lower Murrumbidgee valley, with prior research focused on the eastern areas where earthy soils
are more prolific. Sodicity and salinity were shown to be common, especially in the clay soils
of the region’s west. While soil profile descriptions to the Suborder level of the Australian Soil
Classification (ASC) are provided, these were reliant on average data where significant
variability was present. Pedogenic lime was common as nodules, veins or pedogenic
segregations, especially in clay soil classes, as was the presence of subdominant colours
unrelated to mottling. While present, soil coarse fragments are not at a size where they will

impact agricultural tillage practices.

b. Can soil cores extracted from across the entirety of the region be appropriately

classified using previously-developed, region-specific, soil groups?
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It was decided that classifying the 153 soil cores using a previously developed system was not
appropriate. Firstly, soil groupings related to past surveys utilised localised geographic labels
to create associations. Cores from this study were taken from beyond these regions and it is
believed that general, not localised, classes are more appropriate. Secondly, prior surveys have
occurred in smaller pockets in the region’s east, accounting for only 5.6% of the lower
Murrumbidgee valley. Consequently, the previous classifications are based on data from these
subregions where ‘Earth’ soils are dominant. This study identified that across the previously
unsurveyed central and west of the region, which accounts for most of the total area, clay soils
are dominant. It was deemed that a greater focus be placed on examining and then
differentiating between these clay soil types. A new classification scheme was therefore
created, classing the 153 soil profiles as: Red-brown clays (n=16), Red-brown calcic clays
(n=31), Red-brown gypsic clays (n=10), Grey clays (n=17), Grey calcic clays (n=26), Grey
gypsic clays (n=7), Transitional earth soils (n=9), Texture contrast soils (n=6), Deep sands

(n=3) and exceptions, which did not fall into the prior nine classes (n=28).

Adopting the developed classification scheme also allowed for Texture contrast and
Transitional soils to be differentiated. If these soils were classified using the ASC this
distinction, based on the depth where a clear, sharp or abrupt texture change occurs, would not
have been possible. It is believed that this separation is important as, historically, the
transitional soils have been considered to be more similar to heavy clay soils and successfully
used for rice production. These systems require management considerations distinct from the
previously classed hillslope soils, which are often subplastic, and fall within the Texture

contrast class.

c. How is the distribution of soil classes related to palacochannel systems?

The distribution of soils is determined by the pathways of palacochannel systems. Regionally,
this can be witnessed in the soil group map where pathways of transitional earth soils cross the
landscape in an east-west direction. In the north of the area, grey coloured clays associated with
a younger stream have been deposited atop red-brown clays of an older stream. This interaction
can be witnessed within soil profiles where there are sharp or abrupt colour changes from
overlying grey, to underlying red-brown, sediments. This is also witnessed in soil texture,

where deposits of younger sediments have resulted in texture contrast soils that have not
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developed through pedogenic processes. Deep sands occur either within the streambeds of, or

on the dunes adjacent to, paleochannel streams.

d. What is the extent of soil morphological variability at the within-field scale?

Morphological variability was particularly evident at Farm A where a streambed sand,
associated with a palaecochannel anabranch, has incised within the paddock. This causes Deep
sands to occur directly adjacent to heavy clays, with no discernible difference in topography.
This variability will significantly impact irrigated agricultural production, which this paddock
has been developed for. Understanding the trends observed at Farm C is complicated by land
reformation potentially cutting areas where sandier topsoils were present. When compared to
Farm A, Farm C showcases the increased textural uniformity present on soils adjacent to more

significant paleochannel systems.

2. To assess how the variability of inherent soil properties at the within-field scale impacts
irrigated cotton production
a. What is the extent of soil variability between yield-derived production zones within

paddocks used to grow cotton?

At Farm A there was significant variability in measured soil properties between the higher and
lower yielding zones. In the higher yielding cluster, soils were significantly more clayey and
had a higher ESP which approached 30% at depth. The clusters also aligned spatially with
morphological variability and surficial trends in soil colour. There was greater within-cluster
variability at Farm C, however, both median clay content and ESP were greater in the higher
yielding cluster. The exceedance of plant-limiting sodicity thresholds in the higher yielding
zones indicates that this is not the most limiting factor at a paddock-wide scale. Future work
could seek to derive a greater number of clusters or to examine point correlations within each

cluster. Irrespective, this analysis still provides a clear picture of trends within the paddocks.

b. How are inherent soil properties correlated to cotton lint yields?

A point correlation analysis identified soil texture, represented by sand and clay content, as the
soil property most correlated to lint yield. This was demonstrated by moderate-to-strong

correlations between clay content and lint yield in the topsoil and subsoil. The inverse was
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displayed for sand content, which was moderately-to-strongly negatively correlated to lint
yields. Across both farms correlations were generally strongest in the subsoil (0.6-0.8 m). At
this depth at Farm A, clay content exhibited a correlation (r) of 0.95 with lint yield.
Exchangeable sodium percentage (ESP) was positively correlated to cotton lint yield across all
years, at all depths, at both farms. This is likely due to the positive correlation exhibited
between ESP and clay content. This highlights the complexity of soil-crop relationships and

the need to avoid examining individual soil properties in isolation.

c. Can paddock scale digital soil maps accurately represent soil variability spatially and

vertically?

Simple linear models were able to predict soil properties at multiple depths concurrently to a
moderate-to-good quality when assessed using the Lin’s Concordance Correlation Coefficient
(LCCC) in a leave-one-site-out-cross-validation (LOSOCV). At Farm A, model LCCCs ranged
from 0.45-0.65 with improved performance at Farm C, with LCCCs of 0.62-0.73. This
improvement at Farm C corresponded with a greater number of sample sites and a wider range
of proximal as well as remotely sensed covariates being retained through the model selection

process.

3. To model and map multiple soil properties across the lower Murrumbidgee valley at a 90
m resolution
a. Can digital soil mapping be used as a tool to accurately model and then map soils at

multiple depths concurrently?

Extreme Gradient Boosting (XGBoost) models were demonstrated as capable of predicting soil
properties at multiple depths concurrently, with moderate quality, across the region. In a
LOSOCYV, LCCCs ranged from 0.45 (ECe) to 0.58 (clay). Pleasingly, when assessed visually
the produced maps identified known landscape variability, following trends of previously
mapped paleochannel systems. Soil texture was generally predicted to be clayey throughout
the first metre of the soil profile, excluding sandier tracts of land associated with the pathways
of paleochannels. ECe and ESP were predicted to increase along a westerly trend, with extreme
salinity or strong sodicity commonly encountered in the first metre of the profile. A key step in

this exercise was the visual assessment to ensure maps were pedologically appropriate.

258



Chapter 8 — Concluding remarks

b. How do presently available digital soil mapping products perform when validated

against external datasets from the lower Murrumbidgee valley at the point scale?

The state, national and global DSM products each performed worse than their published model
statistics when validated at the point scale using the data collected in this study. This aligns
with previous findings questioning the capacity of these ‘broader’ products to accurately
identify variability at the point or farm support. This reinforces that these products, while
identifying landscape trends, are not currently capable of providing accurate information to
assist with within-field decisions in the lower Murrumbidgee valley. This is likely the result of
sparse data within the region and the broad ‘global’ scale that these models are built on.

Visually, too, these maps do not detect the fine scale variability known to be present.

4. To identify the most limiting factor to, and classify the overall suitability for, irrigated
cotton production in the lower Murrumbidgee valley
a. How does the depth to which soil chemical constraints are reached vary across the

region?

There is a clear spatial trend in the depth to any soil constraint and the most limiting soil
chemical constraint, with large areas in the east of the region unconstrained by ESP or pH in
the first metre of the soil profile. Soil ECe was not included in this analysis as trends within
the region and prior research suggest salinity will likely decrease under irrigated cotton
production. Areas where an alkalinity threshold of 9 is reached in the first metre of the soil
profile occur adjacent to major palacochannel streams; on calcareous soils in the west, at the
interface of the Mallee Dunefields; or in the northeast. Overall, 17.6% of the region reaches
this alkalinity threshold within the first metre of the profile while 37.7% of land is considered
unconstrained to the same depth. ESP is the most limiting soil constraint for the remaining
55.3% of land, with the depth to constraint decreasing along the east-west axis. In these central
and western regions, where ESP is most limiting, there are tracts of land associated with

younger palacochannel systems that are unconstrained to 1 m.

b. What are the soil-landscape factors most limiting to cotton production?

Following the development of rulesets adjusted specifically for the lower Murrumbidgee
valley, it was shown that soil chemical constraints were the most limiting factor by area,

limiting suitability for irrigated cotton production across 52.9% of the region. The influence of
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plant available water capacity (PAWC) highlights the importance of viewing all data
concurrently. While suitability was limited by PAWC across 24.9% of the area, only 0.9% of
the lower Murrumbidgee valley is considered marginally suited or unsuited on account of
PAWC. This occurs primarily in the east of the region, where PAWC reduces land from being
classed as well suited to suited. In contrast, much of the land limited by soil chemical
constraints is considered marginally suited or unsuited. Thus, not only does the most limiting

constraint need to be identified, but the extent to which it is limiting is crucial.

¢. What proportion of the lower Murrumbidgee is considered suited to irrigated cotton

production?

Using a most limiting factor approach the suitability of land in the lower Murrumbidgee valley
for irrigated cotton production was classed as: well suited, suited, marginally suited or unsuited.
Overall, 17% of land is considered well suited while an additional 31% of the arca was
classified as suited. Much of the land classed as well suited either is or has been used to grow
cotton. Of the remaining 52% of land, 34% was considered marginally suited with 18% of the
land area classed as unsuited for irrigated cotton production. Increasing the sodicity threshold
was important to avoid areas known to be capable of producing profitable crops being classed
as unsuited on account of this. The trends of suitability are related to pathways of paleochannel
systems where veins of well suited or suited land are flanked by unsuited areas or vice versa.
Like soil morphological observations, the suitability is spatially variable. Generally, in the east
of the area, including the Murrumbidgee and Coleambally Irrigation Areas, land is classed as
suited or well suited. This classification used a categorical ruleset, however, this may set
unrealistic hard cutoffs. For example, an ESP of 19% is considered unconstrained while 21%
is considered constrained. Therefore, adopting a continuous classification scheme may be of

benefit.
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8.4. Concluding remarks

It has been demonstrated that there is variability in soils at the sub-paddock scale while there
are spatial trends and patterns in soils aligned to palacochannels that infer variability across the
lower Murrumbidgee valley. As a result of sediment deposition from temporally distinct
palacochannel systems, morphologically described heavy clay and deep sandy soils can occur
directly adjacent to each other. When this occurs at a within-field scale, cotton crops yield
substantially less in the sandy areas. Presently available state, national and global digital soil
mapping (DSM) products for subsoil clay content did not account for this variability when
assessed at the point support using data collected in this study. A regional DSM approach was
able to map soil properties of interest across the region with moderate model quality statistics
and pedologically appropriate spatial patterns. Utilising these DSM products, a digital soil
assessment (DSA) was undertaken. This predicted the most limiting factor for irrigated cotton
production to be soil chemical constraints, of which sodicity was the constraint predicted to be
most frequently encountered at the shallowest depth. This, however, is a constraint at a broader
scale, with it demonstrated that when there is variability between heavy clay and deep sandy
soils within-field, high sand content is most limiting. Consequently, when considering these
suitability products an understand of agronomic relationships is also required. Overall, the
majority of the lower Murrumbidgee valley is considered either suited (31%) or marginally
suited (34%) to irrigated cotton production. It is predicted that 17% of the region is well suited
to irrigated cotton production while 18% is considered unsuited, with a large proportion of the

well-suited areas already used for broadacre cropping.
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Appendix 1. Model quality statistics for pH, ESP and ECe prior to the removal of DEM as a predictor
variable.
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Appendix 2.SHAP beeswarm plots for predictor variables in the models predicting ESP, ECe and pH
prior to the removal of DEM from the model.
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Appendix 3. Maps produced predicting pH, ESP and ECe prior to the removal of DEM as a predictor variable. A clear banding effect is seen.
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