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Abstract

This thesis presents a comprehensive analysis of challenges and recent advancements in

solar photovoltaic (PV), focusing on enhancing solar energy system performance in terms

of operational efficiency. It addresses explicitly interconnected issues within power ramp

rate control (PRRC), soiling loss estimation, and fault detection and diagnosis—critical

components for improving system performance. The contributions in each area are intricately

linked to facilitate the seamless integration of PV systems with the power grid for efficient

ancillary services.

Two chapters dedicated to PRRC explore innovative methods that collectively enhance the

stability and responsiveness of solar power systems. The first chapter introduces a variable

step-size power reserve control method that operates independently of BESS, proving its

efficacy in managing PRRC more effectively than traditional methods. The second chapter

builds on this by implementing a deep learning-based model to predict solar irradiance

accurately, which is crucial for precise and advanced ramp rate control. This model integrates

with an optimization-based control method to achieve real-time, low-complexity PRRC,

showcasing a significant improvement in managing the fluctuations caused by environmental

factors such as cloud cover and soiling.

The thesis also delves into soiling loss estimation, where a hybrid approach using image

processing and circuit modelling is proposed to predict power losses due to soiling accurately.

This estimation is vital for adjusting the PRRC strategies, as soiling can mimic shading effects

similar to cloud cover, affecting the solar output and complicating the ramp rate control. By

accurately predicting soiling losses, the system can differentiate between actual cloud-induced

shading and soiling, enabling more precise control adjustments and better integration with

BESS for peak shaving and load levelling.

Moreover, a novel real-time diagnostic scheme is introduced for fault detection, which

operates without additional sensors. This approach effectively distinguishes electrical faults

iv



ABSTRACT v

from transient shading effects caused by clouds or soiling, ensuring the system’s high effi-

ciency and reliability. Identifying and diagnosing these faults promptly aids in maintaining

optimal power output and stability, which is essential for integrating solar energy into the

power grid with minimal disruption.

In summary, this thesis not only addresses individual topics within the solar PV sector

but also demonstrates how these areas are interconnected, enhancing the overall reliability,

sustainability, and cost-efficiency of solar energy generation. Extensive experimental valida-

tion underscores the superior performance of these proposed methodologies, affirming their

potential in supporting advanced grid integration.
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CHAPTER 1

Introduction

1.1 Background

As the consequences of human industrial activities become increasingly evident, there is a

growing emphasis on transitioning from traditional fossil fuel power generation to renewable

energy sources to curb carbon dioxide emissions. Among various renewable sources, solar

energy is gaining traction, particularly as the production costs of photovoltaic (PV) panels

decline. This trend has prompted increased business investment in the solar power sector,

leading to solar energy comprising a larger share of electricity generation. Data from the

Australian Renewable Energy Agency (ARENA) from 2015 and 2020 indicates that the cost

of large-scale PV power ranged between $44.50 and $61.50 per megawatt-hour (MWh).

Consequently, the cost of PV power generation is becoming increasingly competitive with

that of traditional fossil fuels.

However, the reliability of power generation from PV systems can be inconsistent due to

its sensitivity to natural environmental factors, notably solar irradiance and cell temperature.

While the cell temperature is typically influenced by environmental temperatures and under-

goes gradual changes, solar irradiance can vary dramatically, especially with the transient

shading caused by moving clouds. In some extreme instances, the solar power output can

plummet to less than 10% of its rated capacity in just a few seconds. This high intermittency

and unpredictability in PV power generation pose challenges to its integration into existing

power systems.
1



2 1 INTRODUCTION

Rapid fluctuations in solar power generation within PV systems are referred to as solar power

ramp events. A power system typically seeks a balance between generation and demand,

as imbalances can lead to unstable voltage and frequency levels. In the most severe cases,

these power ramp events can cause system collapses, resulting in blackouts. Consequently,

monitoring and controlling the power ramp rate of PV systems has emerged as a critical

task, especially if there’s an intent to incorporate more PV systems into the power grid while

ensuring its stability. Many countries have instituted codes and regulations to manage the

power ramp rate of solar power generation. Table 1 delineates the power ramp rate limitations

across various countries or regions. Conventional approaches employ energy storage systems

paired with PV generators to stabilize the power output. However, frequently used storage

solutions, such as lithium batteries, are considerably more expensive than PV panels, elevating

the total system cost significantly. Furthermore, while PV modules typically have a lifespan of

25-30 years, lithium batteries tend to degrade considerably after a decade, necessitating added

maintenance and replacement expenses. Recent studies explore the feasibility of eliminating

storage systems altogether, proposing control over the power ramp rate by actively curtailing

and reserving a portion of the power generation from the PV units. Nevertheless, this approach

grapples with issues like power losses and delayed system responses.

The escalating installation of PV panels introduces additional challenges, particularly in the

realms of system maintenance, such as electrical fault diagnosis and soiling detection. Unlike

traditional electrical generators that can be rated up to Gigawatts (GW), individual PV panels

typically have ratings spanning tens to hundreds of watts. As a result, expansive PV farms can

consist of millions of these panels. Even modest residential PV setups designed for rooftop

installations may comprise dozens of panels to fulfil local energy needs. Consequently, it is

very expensive and labour-intensive to conduct regular checks over the vast number of PV

panels. Moreover, the PV panels are usually installed on the rooftops or in rural areas, which

makes accessing these panels very challenging and dangerous. Thus, it is difficult to monitor

and check their status due to the high cost. Another new challenge is that the data generated

by solar systems is much more than that of traditional plants since solar PV panels need to

incorporate switching converters to modulate power output. These converters usually consist

of multiple sensors to sample electrical signals and micro-controllers to implement maximum
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power point tracking (MPPT). Hence, efficient data processing methods need to be studied

for the improvements of system efficiency and reliability.

With the development of computer science, machine learning-based (ML) approaches have

been utilized in a wide range of applications like computer vision, resource allocation, and

intelligent network management. The superior performance of ML has been validated in

numerous experiments in various areas. Researchers are utilizing ML-based approaches to

process the large amount of data obtained from solar PV panels. The strong data analysis

ability of ML-based methods can easily extract the complex dependencies and features of the

data, which can significantly increase the accuracy of predicting future solar power systems

performance. This accurate prediction can lead to precise and efficient power generation

control and regulation. Furthermore, the advancement in the image-processing ability of

ML-based approaches provides a possible solution for monitoring and maintenance of solar

farms. For example, the well-known company DJI has designed and launched a commercial

unmanned aerial vehicle (UAV) for solar farm surveillance. This UAV with image processing

can monitor solar PV and recognize the hot spots, which shows the possibility of integrating

ML-based approaches in regular solar farm maintenance.

However, many challenges still exist in integrating ML-based approaches into solar power

generation systems. Incorrect predictions will lead to control mistakes, which can severely

harm the system’s stability. Therefore, ML-based approaches need to be specially modified to

suit the unique needs of solar power generation. As the integration research is still at the early

stage, it is necessary to investigate more potential smart schemes for future solar systems with

increasing reliability and resilience.

1.2 Motivations and Objectives

This thesis aims to utilize data-driven artificial intelligence (AI) approaches in solving chal-

lenges encountered in solar photovoltaics (PV). With the increasing deployment of solar PV

panels, more efficient solutions for solar power ramp rate control, soiled loss detection and

estimation, and fault detection and diagnosis are required. Additionally, the massive data
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generated by solar PV systems with real-time processing requirements poses challenges to

the storage and computational capability of the current system. To address these challenges,

incorporating AI technologies in the solar PV system is considered a feasible solution.

The thesis first investigates the solar power ramp issue. we will review the traditional PRRC

schemes that make power generation meet the requirements of regulators around the world.

One of the key indicators of these methods is the energy harvest efficiency, as solar panels

were relatively expensive in the past. However, more and more research focuses on improving

reliability since the cost of PV has increased significantly in recent years. Thus, this thesis

aims to thoroughly compare these schemes on the basis of these technical indicators.

Another significant aspect of this thesis is the proposal of a novel DNN-based solar forecasting

model for model PRRC schemes that require information on the power generation variation.

Since the accuracy of the prediction can significantly affect the control performance, we aim

to propose a group solar prediction alogorathim that better focuses the solar vibration based

on the cloud movement characters. The model is expected to efficiently extract the graph

correlation information of the PV sites and outperform the other DNN-based predictors.

Additionally, the thesis will address the over-regulation issue that is often neglected by PRRC

study. This issue will be studied and proven to be a major defect that induces additional

power loss. The thesis will also investigate the potential solution to mitigate overregulation

by introducing a confidence estimator. This design aims to improve the effectiveness of the

PRRC scheme, which can result in higher system efficiency.

Apart from the solar power ramp study, the research will also investigate the common faults

in solar systems, which are widely believed to decrease the reliability of PV systems. The

work will first study the characteristics of these faults and furthermore propose a new fault

identification scheme based on the distinguishment of their long-term electrical performance

difference. The methods will not disrupt the normal MPPT operation of the PV system and

are independent of extra sensors and equipment.

Finally, the thesis will study the soiling issue of solar PV. Soiling is another common issue

that can also decrease the system’s efficiency. As the research focuses on large-scale PV farms
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where regular inspection can be labour-cost, we will introduce a novel soiling estimation

method based on advanced image processing techniques and PV circuit modelling. The

scheme can be incorporated with UAV to inspect soiling PV for large solar farms with lower

lost.

In summary, the objectives of this thesis are to enhance the reliability and resilience of solar

PV systems. The thesis studies the advanced solutions to a range of challenges, including

solar power vibration forecasting and ramp rate control, electrical fault section and soiling

loss estimation. It investigates the feasibility of integrating emerging deep learning into PV

systems and develops more efficient, cost-effective, and reliable solutions to those challenges.

1.3 Literature Review

1.3.1 Solar Power Ramp Rate Control (PRRC)

With the higher generation of solar PV to existing power systems, there are growing concerns

about the stability of the grid operation [1]. The power generation of solar PV is largely

influenced by rapidly changing weather conditions. Thus, the fast variation of solar irradiance

can result in significant fluctuations in power ramp rate (RR). This power fluctuation will

additionally destabilize the voltage and frequency of the electrical grids [2, 3, 4, 5]. To address

this issue, many regions have made specifications and regulations to control the power RR in

PV systems [6].

To satisfy these standards, many PPRC methods have been proposed to control the fluctu-

ated generated power [7]. For example, passive approaches will schedule the installation

of PV panels in different geographical locations to balance the difference in solar power

output[8]. However, these passive approaches are not always effective and can still violate the

specifications made by Transmission System Operators (TSOs) [9].

Hence, active PRRC approaches have been proposed to regulate the power generation more

efficiently. One of the most common solutions is to install the battery energy storage system
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(BESS) to smooth the power output [10, 11]. BESS can serve as an energy buffer that releases

power when the solar power generation is low and stores power when it is high[12, 13].

Therefore, BESS can stabilize power output and maintain acceptable RR levels of PV systems

[14, 15]. However, BESS usually has a shorter lifespan and higher prices than PV panels,

which increases the overall cost of solar power systems [16].

Many cost-efficient alternatives have been proposed. One approach leverages flexible power

point tracking (FPPT) to control solar PV power generation directly [17, 18]. Compared with

MPPT, FPPT prioritizes power grid stability and allows a certain degree of insufficient power

generation [19]. Given the low-cost nature of FPPT [20], it has attracted attention in recent

research [21, 22].

Some research focuses on improving existing PRRC approaches. In [23], the authors incor-

porate active power curtailment (APC) into the conventional P&O MPPT algorithm. This

approach enables the PV system to operate normally at the maximum power point and cut

power generation when the constraint for RR is violated. However, this method focuses on

controlling ramp-up rates and is less efficient in controlling ramp-down rates. Furthermore,

this method suffers from problems like measurement delays and algorithmic instability [24].

In [25], the authors proposed to operate PV systems at non-MPPs to eliminate the need for a

predictive system and reserve power for RR control. Compared with the approach in [23],

[25] can efficiently control both ramp-up and ramp-down rates. However, this approach has

the drawback of overregulating power, which may lead to voltage jumps, system instability,

and reduced efficiency. Furthermore, the good performance of this method has been only

provided in simulation and not in realistic environments that have actual solar irradiance

fluctuations[26].

Nowadays, prediction-based PRRC approaches have gained a lot of attention due to the

evaluation of data-driven forecasting methods. Under this paradigm, the Photovoltaic (PV)

system primarily operates utilizing Maximum Power Point Tracking (MPPT), optimizing

solar energy harvesting. The key innovation lies in the system’s ability to reduce power

generation proactively when a ramp event is anticipated. This predictive approach enables
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the PV system to adeptly manage ramp rates while simultaneously sustaining high energy

generation efficiency.

1.3.2 Solar Power Forecasting

Since the effectiveness of prediction-based PRRC is closely tied to the accuracy of forecasting

outcomes, it becomes imperative to conduct a thorough investigation of diverse prediction

methodologies and identify the most suitable approach for PRRC. Solar irradiance predic-

tion methods are broadly classified into three categories: physical-model-based, traditional

statistical, and machine-learning-based methods.

Physical-model-based approach predicts future solar irradiance by simulating the physical

processes of the real world. Given the regular geometrical relationship between Earth and the

sun, local non-shading solar irradiance levels can be roughly calculated with knowledge of

the global position and the state of PV panel placement [27]. The primary challenge lies in

accurately modeling shading effects, especially from cloud movements, which significantly

impact PV panel irradiance. Extensive research, including sky image [28], satellite image

analysis[29], and ground-based sensor networks [30], has been focused on this aspect, with

cloud movement identified as a predominant factor in PV shading.

Traditional statistical method has a long history in solar irradiance prediction, dating back to

1977 with the use of stochastic models [31]. Subsequent studies have explored various time

series models such as autoregression (AR), moving average (MA), ARMA, and ARIMA [32,

33], along with Gaussian process models [29] for forecasting solar irradiance and PV power

output.

Distinguished from traditional statistical methods, machine learning techniques do not rely

on a fixed mathematical model for input data processing and prediction. Instead, they use a

training process to develop models specific to the data, even within the same architectural

framework. Neural networks (NN) [34, 35] and support vector machines (SVM) [29, 36,

37] are particularly prevalent in solar irradiance prediction. The use of recurrent neural

networks (RNN), especially Long Short-Term Memory (LSTM) networks, has been prominent
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due to their ability to handle sequential data effectively and mitigate issues like exploding

or vanishing gradients [38]. Numerous studies have utilized LSTM-based models, often

integrated with other predictive methods, for more accurate solar irradiance prediction [28,

39, 40, 41].

Despite the diverse methodologies, most irradiance prediction studies focus on temporal

correlations in the time-series data of individual PV panels [42]. However, exploring spatial

correlations, especially in areas with densely installed PV panels, offers another rich vein

of information yet to be fully mined [43]. In a notable advancement, another study has

successfully integrated convolutional graph neural networks (ConvGNN) with Long Short-

Term Memory (LSTM) Recurrent Neural Networks (RNN). This innovative approach is

specifically tailored to be compatible with photovoltaic (PV) networks. By leveraging the

strengths of both ConvGNN and LSTM RNN, this methodology significantly enhances the

spatial-temporal prediction accuracy for group solar irradiance [44].

1.3.3 Solar Photovoltaics (PV) Soiling Loss Estimation

Solar photovoltaic (PV) panels have become a crucial source of renewable energy due

to numerous advantages, including reduced costs over time [45]. Despite these benefits,

challenges like soiling and shading can negatively impact PV efficiency [46]. Soiling— the

accumulation of dust and dirt on PV modules— is particularly problematic in large, remote

installations where regular cleaning is both difficult and costly [47, 48]. To address this,

experts recommend automatic soiling detection to estimate power loss [49].

Traditional research has often used direct measurement approaches to assess power loss from

soiling. These methods involve comparing clean and soiled modules or deploying specialized

sensors in PV farms [50, 51, 52]. Although effective, these techniques require additional

hardware, making them expensive and complex.

Other studies have focused on understanding the material effects of dust, dew, and other envir-

onmental factors on soiling [53, 54, 55]. Various mitigation strategies, such as hydrophobic
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coatings and PV tilt adjustments, have been explored [56, 57]. However, these techniques

may be limited by local environmental conditions, making them less universally applicable.

Data-driven models utilizing machine learning and statistical methods offer an alternative

approach for estimating soiling loss. These models rely on algorithms and regression analysis

to predict future losses or correlate soiling factors [58, 59, 60]. While promising, these

methods mainly rely on historical data and may be inadequate for real-time soiling detection.

Innovative solutions have emerged using image analysis techniques for soiling loss estimation.

These methods leverage technologies such as deep neural networks (DNNs) to analyze images

of soiled PV panels, thereby estimating power loss [61, 62, 63]. DNN-based tools using RGB

images also offer the possibility of reducing computational load [64]. However, they generally

ignore circuit-level information, potentially limiting their accuracy for high-resolution power

loss estimation.

In conclusion, conventional methods for solar PV soiling are costly and only have limited

usage under certain environmental conditions. Data-driven methods provide more flexibility

but lack the ability for real-time detection. Image processing approaches, especially DRL-

based approaches, have both flexibility and real-time detection ability but are currently limited

only to image data analysis.

1.3.4 Solar PV Fault Diagnosis

As the installation of PV panels surges around the globe, it is necessary to ensure the system

can work in a promising state[65]. Thus, it is crucial to have a reliable fault detection plan

for the system. The faults of the PV system can not only degrade the system’s efficiency but

also induce fire hazards in the case of the work[66]. As a result, the implementation of fault

detection is recommended or required by the regulators in many countries [67].

Many fault detection and diagnosis schemes have been proposed in the past years. Methods

proposed in [68, 69, 70] are based on PV array output residuals. They involve comparing

actual PV outputs with estimated values to distinguish the abnormal state. The estimations
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rely on additional data such as real-time solar irradiance, temperature, and cloud movements

monitored via professional sensors [71]. Consequently, the necessity for extra equipment

increases the system’s complexity and cost. Some other approaches rely on utilizing time

domain reflectometry (TDR) [72, 73]. While these methods leverage the TDR technique

effectively, they typically require external equipment to generate specific signals and are

predominantly suitable for offline deployment [74].

Moreover, techniques based on the P-V and I-V curves have emerged for identifying faults [75,

76, 77]. hese methods scan the curves and identify faults from the resulting plots. For instance,

[75] distinguishes SC faults from shading faults based on the local minimum position on the

curves. However, the curve scanning process interrupts the PV system’s normal operation,

leading to additional power loss, and in some cases, extra circuitry for scanning is required,

further escalating costs.

Recent developments have seen fault detection methods utilizing statistics and artificial

intelligence. These include algorithms based on artificial neural networks (ANN) [78, 79, 80],

support vector machines (SVM) [81, 82], autoregressive models [83], outlier detection [84],

k-nearest neighbors [85], fuzzy inference, and multi-resolution signal decomposition [86].

However, these data-driven methods typically rely on data obtained from curve-scanning or

additional sensors, inheriting similar flaws as the aforementioned techniques. Additionally,

they often require extensive data and computing resources, leading to increased system costs

[75].

Driven by the intention to get rid of dependence on additional sensors and curve-scanning, a

novel MPPT-based fault detection scheme was proposed in [87]. It will compare the location

change of Maximum Power Points (MPP) to identify the electrical fault during operation.

The method does not need extra sensors but is less robust to complex scenarios when various

errors occur at the same time.
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1.4 Outline

This thesis first gives a brief introduction to the rapidly growing solar PV market and then

lists the challenges encountered during the growing process. It provides a detailed literature

review of previous works and points out the main focus of these works. Specifically, these

works focus on increasing the reliability and efficiency of solar power generation.

Chapter 2 elaborates on the DC side of PRRC. It explores the possibility of using BESS-free

PRRC approaches in solar PV systems. Specifically, a variable step-size BESS-free PRRC

method is proposed. Corresponding simulation results and discussion on power control design

constraints are given at the end of this chapter.

Chapter 3 focuses on the prediction-based PRRC method. It first introduces the state-of-the-art

graph neural networks (GNN) that can be integrated into distributed PV systems and then

evaluates the prediction performance of these data-driven approaches. Specifically, attention is

given to the challenges of power-forecasting-based PRRC and the use of Gaussian estimation

to enhance prediction confidence. Simulation results and discussions on PRRC design-related

constraints are given at the end of this chapter.

In Chapter 4, the thesis shifts its focus to intelligent approaches for estimating soiling losses

in PV power systems. This chapter reviews various methods for power loss estimation,

including pure data-driven methods and a combination of circuit topology analysis with image

processing. Numerical validations and comparisons are presented to illustrate the efficacy of

these approaches.

Chapter 5 delves into advanced approaches for diagnosing faults in solar PV plants. It

begins with an introduction to various PV faults and the complexities in distinguishing

mismatch issues in PV fault diagnostics. The chapter then introduces a novel real-time system

identification approach for fault diagnosis, which is validated by experiments.

Chapter 6 elaborates on the contributions of this thesis. Additionally, it provides an overview

of possible future works.



CHAPTER 2

Strategies for PV Power Ramp Rate Control Without Energy Buffer

This chapter elaborates on an efficient PRRC method that can provide smooth power output

without the need for ESS systems. The idea is inspired by the power reserve control(PRC)

principles while many improvements are implemented, including various step sizes and

smooth power control. The proposed scheme is compared with similar control solutions

without ESS integration. The experiment results show more promising control performance

with higher ramp rate control success and energy harvest efficiency.

The relevant work has been published in:

• X. Jiao, T. Yang, X. Li, S. Ding and W. Xiao, "A DC Side Power Ramp Rate Control Strategy for High Performance and Low

Cost PV Systems," in CPSS Transactions on Power Electronics and Applications, vol. 8, no. 2, pp. 128-136, June 2023, doi:

10.24295/CPSSTPEA.2023.00013.

2.1 The Power Ramp Rate Scheme without Extra Energy

Storage System

Traditional solutions to eliminate the BESS from PV PRRC can be classified into: passive

and active control strategies.

The passive control is implemented by installing the PV systems in a wide range of geograph-

ical regions. Thus, the PV panels will not be affected by the clouds’ shading at the same time,

which results in a smoother power output at the integration point. However, this strategy is

less reliable as it is only dependent on the environmental conditions.
12
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On the other hand, the active control is added in the inverter control. It will allow the PV

system to operate at sub-optimal conditions to facilitate short-term and appropriate output

adjustments. Although this method can lead to less power generation, it provides more

flexibility to the power output control. Considering that PV panels are becoming more and

more economical, the solution can be implemented in the region where the battery is expensive

and solar power ramp rate regulation is strict.

2.2 Power Reserve Control with Variable Step Size

A PRRC scheme based on power reserve can control both ramp-up and ramp-down rates. This

scheme is characterized by a power ramp-rate index, as formulated in (2.1). Distinguishing

itself from APC, the PRC PRRC scheme adaptively adjusts the time window, denoted as

∆T , and the power differential, ∆Ppv. These adaptive adjustments enable a rapid and precise

estimation of the PRR, enhancing the control mechanism’s efficiency and accuracy.

IPRR =
∆Ppv

∆T
(2.1)

The ∆T can be selected as large as several minutes when the local regulator only requires the

generator to control the ramp rate at the minute level. However, the measurement windows can

be additionally reduced in the PRC-based PRRC so that the operation point never oscillates

around MPP. The measurement windows ∆T can be minimized to be only one sampling

period Ts to obtain the most prompt PRR detection. Thus, the nearly instant ramp rate can be

measured, and the fastest ramp rate control actions can be afterwards taken. The sampling

period Ts ’s calculation is explained in more detail in the subsection of Power Control Design

Considerations’ in this chapter.

IPRR(Tk) =
Ppv(Tk)− Ppv (Tk−1)

Tk − Tk−1

(2.2)
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FIGURE 2.1: The PRC-based PRRC in: (a)P-T domain; (b) P-V domain.

The PRC-based PRRC scheme operates by regulating the PV power output at a sub-optimal

point, rather than the Maximum Power Point (MPP), to reserve power for ramp-down opera-

tions. Fig. 2.1(a) illustrates the operational principle of this scheme, demonstrating how the

Power Ramp Rate (PRR) closely follows the guided power-ramp curve to mitigate losses due

to mismatches. In this figure, the upper black dashed line represents the actual power vari-

ation, while the lower blue solid line indicates the power change regulated by the PRC-based

PRRC. In steady-state conditions, the proposed PRRC adjusts the PV voltage to maintain a

sub-optimal point for energy reservation, denoted as VPRC in Fig. 2.1(b).

The algorithm of the PRC-based PRRC is predicated on real-time detection ofIPRR as defined

by (2.2) and subsequent PV voltage regulation. The voltage reference symbolized as Vref , is

updated according to (2.3).
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Vref (Tk) =


Vpv(Tk) + V curtail

step (Tk), IPRR(Tk) > 0

Vpv(Tk) + V supply
step (Tk), IPRR(Tk) < 0

VPRC , Otherwise

(2.3)

where V curtail
step (Tk) and V supply

step (Tk) indicate the adaptive variable step sizes that can drive the

PV power rise or fall within the permitted maximal PRR. While the V curtail
step (Tk) is applied

in the V supply
step (Tk) another is used to drive PV supply more power in the ramp-down stage.

These two key parameters are are crucial for the operation of the ramp-up and ramp-down

stages in the PRRC scheme, respectively. These are expressed in (2.4) and (2.5):

V curtail
step (Tk) =

PRRmax · Ts − Vpv(Tk) · Ipv(Tk)− Ipv(Tk−1)

2Ipv(Tk)− Ipv(Tk−1)
(2.4)

V supply
step (Tk) =

−PRRmax · Ts − Vpv(Tk) · Ipv(Tk)− Ipv(Tk−1)

2Ipv(Tk)− Ipv(Tk−1)
(2.5)

Their derivation is grounded in the output characteristics of the PV system. Power variation

over discrete time intervals is a result of the step changes in voltage and current, ∆Vpv and

∆Ipv, as described in (2.6):

∆Ppv = Vpv(Tk) ·∆Ipv + Ipv(Tk) ·∆Vpv +∆Vpv ·∆Ipv (2.6)

Consequently, the step change in PV voltage at discrete time intervals can be calculated using

(2.7):

∆Vpv =
∆Ppv − Vpv(Tk) ·∆Ipv

Ipv(Tk) + ∆Ipv
(2.7)

where Vpv (Tk) and Ipv (Tk) represent the voltage and current measured at discrete time

intervals. A key variable in (2.7) is the change in PV current, ∆Ipv.

The PRC-based PRRC scheme operates the PV power at a sub-optimal point situated within

the current source region (CSR), as illustrated in Fig. 2.2. Given that the short-circuit

current of PV cells is proportionate to solar irradiance, the PV current under the proposed

operation is assumed to be proportional to solar irradiance within the CSR. When the sampling
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FIGURE 2.2: The PV operated in the constant current region.

rate significantly exceeds the rate of change in solar irradiance, the current variation is

approximated in a backward manner, as expressed by:

∆Ipv ≈ Ipv(Tk)− Ipv(Tk−1) (2.8)

Using (2.7) and (2.8), the step size, ∆Vpv, can be determined by (2.9) based on the measured

voltage and current at discrete time intervals:

∆Vpv =
∆Ppv − Vpv(Tk) · (Ipv(Tk)− Ipv(Tk−1))

2Ipv(Tk)− Ipv(Tk−1)
(2.9)

The magnitude of ∆Ppv is set to a predefined parameter representing the upper limit of PRR,

denoted as PRRmax. The sign of ∆Ppv is contingent on the sign of IPRR, dictating the

appropriate action for either ramp-up or ramp-down control, as per (2.4) and (2.5).

In summary, the voltage reference is recalculated and updated by the step size V curtail
step (Tk)

upon detecting an increase in power (IPRR(Tk) > 0),. This step size, adjustable as per (2.4),

is adaptively tuned to the magnitude of power variation. The determination of V curtail
step (Tk)

aims to curtail surplus power, as depicted in stages 1 and 2 in Fig. 2.1. When IPRR(Tk) < 0,

indicating a power ramp-down stage, the voltage reference is adjusted by the step size

V supply
step (Tk), as outlined in (2.3). The adjustment of this step size is governed by (2.5). The
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FIGURE 2.3: The experiment’s diagram

V supply
step (Tk) will guide the system to release reserved power to maintain the smoother ramp-

down rate. This process is represented in stages 3 and 4 in Fig. 2.1. In situations where

IPRR(Tk) = 0, the setpoint remains at the predefined level of VPRC , ensuring stability and

consistency in the system’s operation.

2.3 Simulation and Experimental Comparison

The validation of the proposed PRRC scheme was conducted using a Hardware-In-the-Loop

(HIL) platform, demonstrating its effectiveness through comparative analysis with other

technologies. As depicted in Fig.2.3, the experimental setup features a typical Photovoltaic

(PV) power system configuration. This includes a PV generator coupled with a boost converter.

For precise PRRC operation and voltage regulation, the voltage and current of the PV link are

monitored at 100 ms intervals. System parameters relevant to the case study are detailed in

Table 2.1.

To bolster the experiment’s realism, real-world meteorological data, specifically from Mel-

bourne, was utilized. This data, courtesy of the Australian Bureau of Meteorology, is

illustrated in Fig.2.4. It showcases significant solar irradiance fluctuations between 9:20 am

and 3:40 pm, a period crucial for evaluating the PRRC scheme’s performance in terms of

energy harvesting and success rate. The experiment sets the power ramp rate’s upper limit,

PPRmax, at ±10 kW/min, aligning with grid codes which mandate that the feed-in power of

PV systems should not exceed 10%/min [88].
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TABLE 2.1: Critical parameters of the test system

Name Symbol Value
Capacity of PV array Pr 100 kW

Power at MPP Pmpp 305.23 W
Voltage at MPP Vmpp 54.7 V
Current at MPP Impp 5.58 A

Open-circuit voltage Voc 64.2 V
Short-circuit current Isc 5.96 A

Parallel strings Np 66
Series-connected modules Ns 5

Boost capacitor C1 470 µF
Boost Inductor L1 5 mH

Switching frequency fsw 10 kHz
DC-link VDC 380V

FIGURE 2.4: The solar irradiance profile.

The PRC-based PRRC scheme with variable step size ∆Vpv is compared with the method

with fixed step size [25] and the APC-based PRRC [23]. The experimental waveforms are

recorded and shown in Fig.2.7, Fig.2.6 and Fig.2.5, respectively.

TABLE 2.2: Comparison of PRRC Performance in the Experiment

Cloudy Day
PRRC scheme APC-based PRRC PRC with fixed ∆Vpv PRC with variable ∆Vpv

Energy efficiency (ηe) 97.73% 91.23% 92.14%
Success Rate (λ) 26.2% 85.17% 100%

Sunny Day
PRRC scheme APC-based PRRC PRC with fixed ∆Vpv PRC with variable ∆Vpv

Energy efficiency (ηe) 100% 92.41% 100%
Success Rate (λ) -% -% -%
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FIGURE 2.5: Experimental performance of the APC-based PRRC

Additionally, Table 2.2 presents a comprehensive quantitative performance comparison of

these PRRC methodologies. It reveals that the energy harvest efficiency of APC-based

PRRC, at 97.73% (η), is the highest. This high efficiency, however, comes at the expense of

diminished control over the ramp-down rate. In contrast, both the PRC-based PRRC with

fixed and variable ∆Vpv, which operate at non-Maximum Power Point (MPP) points, exhibit

lower efficiencies. Nevertheless, the PRC-based PRRC with variable ∆Vpv, with an efficiency

of 92.14% (η), outperforms the one with fixed ∆Vpv, which has an efficiency of 91.23%,

attributable to its more balanced regulation actions.
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FIGURE 2.6: Experimental performance of the PRC with fixed ∆Vpv

In terms of the Power Ramp Rate Control (PRRC) success rate (λ), PRC-based PRRC

with fixed and variable ∆Vpv display success rates of 100% and 85.17%, respectively. This

success rate difference can be partly attributed to their ability to utilize reserved power under

continuously decreasing irradiance. Despite these challenges, the variable ∆Vpv PRC-based

PRRC demonstrates superiority over the one with fixed ∆Vpv by more promptly recovering

to the target voltage VPRC and being better prepared for future ramp-down control. The

APC-based PRRC maintains the lowest PRRC success rate at 26.2% (λ) in the experiment

due to lacking ramp-down control.

Table 2.2 also presents the test results for a sunny day for comparison. Since there are no

significant power ramp rate events on a sunny day, the success rate is not evaluated. It can be
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FIGURE 2.7: Experimental performance of the PRC with variable ∆Vpv

observed that both the APC-based method and the RC-based PRRC with variable step size

achieve 100% efficiency due to zero energy curtailment. However, the PRC-based PRRC

with a fixed step size still results in significant deficiencies, as the system always operates in a

sub-optimal mode

In summary, the PRC-based Power Ramp Rate Control (PRRC) scheme with variable step

size can control both ramp-up and ramp-down rates without the costly BESS. Moreover, it

has a relatively higher energy harvesting efficiency with lower failure rates.
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FIGURE 2.8: The setting time of the second order under-damped system

2.4 Power Control Design Considerations

The photovoltaic (PV) panels are commonly connected with switching converters that mod-

ulate the operation point of the PV panel and alter its output power profile. However, this

power regulation comes with a trade-off: the switching converter, often incorporating energy

storage components for voltage and current smoothing, tends to reduce the overall dynamic

performance of the system. As a result, damped power oscillations are typically observed

during the transient states of each control iteration. If the connected converter functions

as an underdamped second-order system, the duration of the transient state power shift is

approximately equivalent to the converter’s settling time, TS , as shown in Fig. 2.8.

The sampling time is usually selected to be larger than the setting time to avoid the mismatch

at the dynamic period, which can be calculated by

Ts
∼= − 1

ξ · ωn

· ln
(
ε
√
1− ξ2

)
(2.10)

where ωn = 1/
√
L · Cin, ξ = −

√
L/

(
2Rpv ·

√
Cin

)
, and ε = 0.1.

Another pivotal aspect of designing a PRC-based PRRC system involves determining the

optimal amount of power to reserve for effective ramp-down control. This decision is complex,

as reserving excessive power can lead to significant energy losses, whereas insufficient

reservation might result in ramp-down control failures. Unfortunately, there is no universal

solution to this dilemma, as the appropriate reserve depends on the specific local irradiance
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fluctuation conditions. For solar farms experiencing less frequent ramp-down events and

only mild reductions in irradiance, it is advisable to reserve a smaller amount of power.

This strategy aims to maximize energy harvesting efficiency. Conversely, in locations with

rapidly changing irradiance levels, a larger reserve is necessary to ensure the success of PRRC

operations. This inherent trade-off in PRC-based PRRC can be mitigated by integrating an

irradiance forecasting system. Such a system enables a more predictive approach to PRRC,

which will be explored in depth in the subsequent chapter.

2.5 Discussion and Summary

As the share of distributed solar power generation grows within the overall power generation

mix in Australia, we need to reconsider traditional practices to handle the variability introduced

by resources like PV systems. The key challenges involve adhering to the local grid’s

operational constraints, focusing on maintaining the electricity supply’s quality and avoiding

overloads on power lines. Specifically, the power output from individual PV systems can

show rapid fluctuations on very short timescales (less than one second) because of quick

changes in sunlight levels. These quick changes can disrupt the stability of the electrical

network, leading to issues such as voltage flickers. To manage these fluctuations, BESS is

usually installed to absorb the fluctuation. Since the BESS can be expensive, it’s often also

necessary to actively reduce the power output (known as active power curtailment or APC)

by controlling the PV inverters and adjusting reactive power to keep the network stable and

within operational limits.

This chapter provided an in-depth analysis of a novel PRC-based PRRC strategy for PV

systems, operating independently of BESS. This development aligns to maintain the cost-

effectiveness of PV power generation. The PRRC scheme, adept at executing both ramp-up

and ramp-down operations, demonstrates a significant breakthrough in enhancing energy har-

vesting efficiency and success rate. The experimental evaluations of this strategy highlighted

its superiority, particularly in achieving high energy output and a smooth transition during

PRRC operations. This success is attributed to the precise and adaptive sizing of the voltage
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regulation setpoint, tailored at each time step. The setpoint formulation is based on a detailed

examination of PV output characteristics and the dynamic pattern of solar irradiance changes.

While the current chapter focused on evaluating the PRC-based PRRC scheme’s effectiveness

on a single PV module under singular irradiance vibration conditions, future research could

broaden this scope. The next step involves examining the applicability of this scheme to

larger PV arrays distributed across extensive geographical areas with diverse solar exposure

scenarios. As the power ramp rate can diverge significantly among different installation sites,

it is necessary to propose a more delicate control scheme to coordinate all the sub-systems

efficiently. Moreover, the current PRC-based PRRC’s performance is decided by the selected

reservation reference voltage, which relies on the experience and skills of professional people.

Future studies should investigate purely data-driven methods that can automatically make

decisions based on the local weather conditions and historical system operation data.



CHAPTER 3

Predictive Approaches to Control PV Power Ramp Rate

This chapter presents the integration of the GNN-based spatiotemporal prediction method

and the PRRC method. The simulation results validate that this prediction-aided PRRC

significantly outperforms conventional PRRC methods. Specifically, prediction-based PRRC

achieves higher energy generation efficiency and better ramp rate control results. This is

because prediction-based PRRC can foresee the fluctuation of solar irradiance and can adjust

power generation accordingly, which results in more efficient energy capture and higher

stability of solar PV systems than conventional methods.

Part of the relevant work has been published in:

• X. Jiao, X. Li, D. Lin and W. Xiao, "A Graph Neural Network Based Deep Learning Predictor for Spatio-Temporal Group

Solar Irradiance Forecasting," in IEEE Transactions on Industrial Informatics, vol. 18, no. 9, pp. 6142-6149, Sept. 2022, doi:

10.1109/TII.2021.3133289.

• X. Jiao, X. Li, Z. Ge and W. Xiao, "A Predictive Power Ramp Rate Control Scheme with an Updating Gaussian Prediction

Confidence Estimator for PV Systems,"in Solar Energy, vol. 276, pp. 112648, July 2024, doi: 10.1016/j.solener.2024.112648.

3.1 Spatiotemporal Forecasting Model based on Graph

Neural Network for Distributed PV system

3.1.1 System Model

Effective utilization of graphical information within a PV network dataset is crucial for ex-

ploring its intrinsic spatial dependencies, which then facilitates the formation of an adjacency
25
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matrix A. A rudimentary approach might involve connecting nodes to their geographical

neighbours. However, this method does not always accurately represent the mutual influence

between nodes in a PV network. Consider, for instance, PV1 and PV2 in Fig. 3.1. Their prox-

imity suggests a logical connection, but prevailing wind directions, predominantly vertical

in this case, may render their mutual shading influence minimal. Conversely, PV1 and PV3,

despite being further apart, might exhibit more similar irradiance variation patterns due to

cloud shades passing over both, in line with wind direction. Intriguingly, wind data isn’t input

as a separate feature but is rather inferred from the group irradiance data.

Another challenge arises from the potential density of the adjacency matrix A. In areas

rich in solar resources, PV panels are often installed nearby, leading to a densely populated

matrix. This density can impose additional computational demands on the ConvGNN and

sometimes even impair the model’s performance by introducing misleading information. To

address these issues, a targeted approach for defining edges and constructing the adjacency

matrix is proposed, focusing on PV groups. This method not only mines graph information

more effectively but also enhances the efficiency of the process, ensuring that the spatial

correlations within the PV network are accurately and efficiently represented.

A =

 ai,j = 1, Ri,j >= ρ

ai,j = 0, Otherwise
, (3.1)

The mathematical representation of the adjacency matrix A is crucial in capturing the primary

spatial correlation information within the PV network. However, adopting a sparse adjacency

matrix A with a large threshold value ρ can inadvertently result in the omission of some

correlation data. This is due to the stringent selection criteria applied in its construction. To

mitigate this information loss, the concept of an influence matrix F is introduced.

F = [A1,A2, · · · ,AK ] (3.2)

The influence matrix F is envisioned as an aggregation of multiple adjacency matrices A,

each representing varying degrees of spatial correlation based on different threshold values
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FIGURE 3.1: How cloud movements affect PV array.

FIGURE 3.2: The third degree influence matrix.

ρ. Formally expressed as F ∈ RM×M×K , it comprises K adjacency matrices (A ∈ RM×M),

arranged in ascending order of their respective threshold values ρ. This construct is defined as

a K-degree influence matrix F(K). The underlying principle in designing F is to ensure it

encompasses sufficient graph information to effectively counterbalance the correlation losses

in A. Fig.3.2 illustrates our specifically designed 3-degree influence matrix F(3).
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The normalized graph Laplacian matrix, denoted as L and belonging to the space RM×M , is

expressed as follows:

L = IM −D− 1
2AD− 1

2 , (3.3)

To integrate the influence matrix with our graph, a connection between the matrices L and

F is established through element-wise multiplication. As a larger value of k implies a more

comprehensive consideration of correlation in the graph, a k-degree graph Laplacian matrix

can be constructed to represent different levels of spatial correlation.

Based on (3.3) and (3.2), the expression for the k-degree graph Laplacian matrix is derived as

follows:

Lk =
[
L⊙ F(k)

]k
(3.4)

Here, L ∈ RM×M is the normalized graph Laplacian matrix, transformed from A, and

F(k) ∈ RM×M refers to the k-th graph’s adjacency matrix as defined in (3.2). Lk ∈ RM×M is

the k-degree graph Laplacian matrix, where k-degree denotes the number of correlation graphs

in the influence matrix F. Thus, Lk encompasses not only the original graph’s information

but also additional spatial correlation data. Consequently, the Convolutional Graph Neural

Network (ConvGNN) can now be represented as follows:

x̂
(k)
t = f

(
Ω⊙ Lkxt

)
(3.5)

Here, xt ∈ RM×1 is the input data at time instant tt, where xt = [irt,1, irt,2, · · · , irt,M ]T . Lk is

the aforementioned k-degree graph Laplacian matrix, and Ω ∈ RM×M represents the learnable

parameters in the ConvGNN. The output x̂(k)
t ∈ RM×1 denotes the features extracted by the

ConvGNN at time instant t using the k-th degree graph Laplacian matrix Lk. To utilize all

K levels of spatial correlation information, we denote X̂t =
[
x̂
(1)
t , x̂

(2)
t , · · · , x̂(K)

t

]
∈ RM×K

as the collection of output matrices for different values of k at time instance t, which will

subsequently be fed into the cascaded LSTM network.
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FIGURE 3.3: Unfolded architecture of the GNN-LSTM model

Given the inherent self-correlation within the time-domain data, future datasets can be pre-

dicted using historical data via a modified LSTM network, which is composed in conjunction

with the previously described ConvGNN (shown in Fig. 3.3).

gf
t = f (Θf x̂t +Ψfht−1 + ϵf )

gi
t = f (Θix̂t +Ψiht−1 + ϵi)

go
t = f (Θox̂t +Ψoht−1 + ϵo)

gc
t = f (Θcx̂t +Ψcht−1 + ϵc)

(3.6)

The symbols ∗∗ ∈ {forget, input, output, cell} and g∗∗
t denote the outputs of the corres-

ponding gates at time step t. The function f represents the activation function. ht−1 is the

output of the hidden layer from the previous timestamp, and x̂t ∈ RKM×1 is the vector

compressed from the input X̂t. The learnable parameters for the modified LSTM NN are
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represented by Θ∗∗ ∈ RM×KM , Ψ∗∗ ∈ RM×M and ϵ∗∗ ∈ RM×1. The update of the cell state

and hidden state is expressed as follows:

ct = gf
t ⊙ LK ⊙AK ⊙ ct−1 + gi

t ⊙ gc
t

ht = go
t ⊙ f(ct)

(3.7)

It is important to note that the structure of this LSTM differs slightly from the conventional

model. The modified LSTM incorporates a weight matrix LK ⊙AK , which enhances the

LSTM NN’s ability to consider the influence of neighbouring cell states.

3.1.2 Prediction Results and Evaluations

In this numerical validation, the GNN-based model’s performance is evaluated using real-

world data and compared against traditional statistical methods as well as other deep-learning-

based predictors.

The data for this analysis is sourced from the US National Renewable Energy Laboratory. The

dataset comprises readings from 17 silicon radiometers, which are dispersed across Kalaeloa

Airport on Oahu Island, Hawaii. Each sensor’s location is marked by a white flag, and the

names of the sensors are distributed across 17 different locations. The solar irradiance data

was collected on July 31, 2010, from 05:50:23 to 19:26:51.

Given that the Global Horizontal Irradiance (GHI) data can range from zero to over a

thousand, it is necessary to rescale it. For this purpose, we employ z-score normalization,

which transforms the data to have a mean of zero and a standard deviation of one. The z-score

normalization process is defined as follows:

ir∗t,m =
irt,m − µm

σm

(3.8)
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FIGURE 3.4: The spatia-temporal prediction result using the GNN-LSTM model.

In this formula, irt,m represents any element in the original data IR, µm is the mean value of

column m in IR, and σm is the standard deviation of column m. By substituting all irt,m values

with their normalized counterparts ir∗t,m, the data matrix can be converted into its normalized

form. The normalized irradiance data typically fluctuates around zero, with positive values

indicating performance above average and negative values indicating the opposite.

The predicted results are illustrated in Fig. 3.4 below. It is important to note that the data from

all 17 locations were trained together. Evidently, the model adeptly captures the characteristics

of irradiance fluctuations, with the predictions closely mirroring the actual values. To mitigate

the risks of overfitting and underfitting, the data was shuffled. A testing batch, comprising a

40-second period, was selected to showcase the prediction results. Given that the irradiance

data underwent prior normalization, the presented values differ from the original irradiance

readings, yet they retain the same vibration trend, which is sufficient for demonstrating the

prediction accuracy. If necessary, the original values can be restored through the inverse

operation of the z-score normalization process (as defined in (3.8)).

It should also be noted that some locations exhibit superior prediction performance compared

to others. This variation can be attributed to the disparity in the amount of information
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available from the convolutional neural network, as well as differences in the input data across

various locations.

The model undergoes further evaluation and comparison against other classic predictive

models, including Linear Regression (LR), Moving Average (MA), ARIMA, Support Vector

Machine (SVM), and a range of deep network predictors such as conventional Recurrent

Neural Network (RNN), Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRN),

Attentional LSTM, and CNN+LSTM. The hyperparameters for these benchmark models,

such as the number of neurons in each layer and the total number of layers, were optimally

tuned or selected based on recommendations from the original literature.

The accuracy of these models is assessed using Mean Absolute Error (MAE), Mean Absolute

Percentage Error (MAPE), and Root Mean Squared Error (RMSE), with their respective

formulas expressed in (3.9), (3.10), and (3.11).

MAE =
1

N

N∑
i=1

|ŷi − yi| (3.9)

MAPE =
1

N

N∑
i=1

∣∣∣∣ ŷi − yi
ŷi

∣∣∣∣× 100% (3.10)

RMSE =

√√√√ 1

N

N∑
i=1

(ŷi − yi)
2 (3.11)

In these equations, yi represents the ground truth, ŷi denotes the prediction results, and N

signifies the number of samples.

Table 3.1 presents the prediction results, summarizing the values of MAE, MAPE, and RMSE

for comparison. Among them, the two compound models, CNN+LSTM and GNN+LSTM,

generally demonstrate superior performance compared to the others. Notably, the proposed

GNN+LSTM model achieves the lowest prediction error across all three metrics – MAE,

MAPE, and RMSE – thereby outperforming its counterparts.
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TABLE 3.1: Comparison of the Models

Model Evaluation Metrics
MAE MAPE RMSE

Statistical Models
ARIMA[89] 0.27 26.69 0.35

LR 0.08 18.11 0.095
MA 0.076 17.21 0.089

Simple Network SVM[90] 0.082 18.44 0.097

Deep Networks

GRU[91] 0.027 6.37 0.027
RNN[92] 0.022 5.35 0.023

LSTM[93] 0.024 5.13 0.031
AttentionalLTSM[94] 0.019 4.51 0.022

CNN+LSTM[95] 0.014 3.61 0.017
GNN+LSTM 0.0047 1.06 0.0052

Overall, the evaluation substantiates the superiority of GNN+LSTM in terms of accuracy and

reliability for solar irradiance forecasting within a distributed PV system context.

3.2 Predictive Power Ramp Rate Control

3.2.1 Control Scheme

The future solar power generation, denoted as Pt+∆T , can be forecasted using the predictor’s

output Yt. A potential power drop event is pre-emptively indicated by the predicted ramp rate

vibration Rpre
r , which is estimated by the following expression:

Rpre
r =

Yt − Pt

∆T
(3.12)

where Pt represents the system’s current power generation, as directly sensed from the

regulation circuit.

Should the predicted future power ramp rate (Rpre
r be anticipated to violate grid code reg-

ulations (i.e.,(Rpre
r < −Rmax

r )), the PV output will be proactively reduced to a reference

point Pref , as illustrated in Fig. 3.5 (a). This preemptive adjustment aims to curtail the power

output in accordance with the grid code limit of −Rmax
r , as expressed in:
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FIGURE 3.5: Predictive PRRC schemes for (a) Ramp-down control (b) Ramp-
up control.

Pref = Pt −Rmax
r ·∆T (3.13)

Vref · It = Vt · It −Rmax
r ·∆T (3.14)

In this expanded form, It and Vt refer to the measured PV operation current and voltage,

respectively, whileVref signifies the reference operation voltage guiding the power regulation.

The reference voltage Vref is determined by rewriting (3.14):

Vref = Vt −
Rmax

r ·∆T

It
if Rpre

r < −Rmax
r (3.15)

In a similar vein, the reference operation voltage for ramp-up control is derived as follows:
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FIGURE 3.6: The challenge brought by the prediction error.

Vref =
Vt−∆T · It−∆T +Rmax

r ·∆T

It
if Rr > Rmax

r (3.16)

Unlike the prediction-based ramp-down control, ramp-up control does not necessitate addi-

tional power reserves and relies solely on historical data and real-time ramp rate measurements.

This regulation approach is depicted in Fig. 3.5 (b).

In scenarios where power fluctuations are minimal, the PV system should operate at the

Maximum Power Point (MPP) to maximize solar energy harvest. The entire predictive PRRC

algorithm proposed here is summarized as:

Vref =


Vt − Rmax

r ·∆T
It

Rpre
r < −Rmax

r

Vt−∆T ·It−∆T+Rmax
r ·∆T

It
else if Rr > Rmax

r

VMPP otherwise

(3.17)

3.2.2 Challenges of Power-Forecasting-Based PRRC

It is crucial to acknowledge that forecasting results can occasionally be inaccurate, potentially

leading to overregulation and consequent energy loss. Fig. 3.6 illustrates an instance where

power generation could have naturally complied with grid codes but was prematurely reduced

due to erroneous forecasting, thus impairing energy harvest efficiency.
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FIGURE 3.7: The errors conform to Gaussian distribution.

The adverse effects of forecasting errors can be alleviated by incorporating a formulated

prediction confidence metric into the regulation process, ensuring that advanced regulatory

actions are taken only when predictions are deemed sufficiently reliable. The prediction

confidence estimator will be introduced in the next subsection.

3.2.3 Prediction Confidence with Gaussian Estimation

Despite endeavors to enhance prediction accuracy, completely eliminating forecasting errors

in a prediction-based PRRC system is unattainable. Any prediction error might lead to

incorrect actions, potentially resulting in ramp rate control failures. To address this, we

propose an estimator that continuously assesses the predictor’s recent performance.

This estimator calculates the relative forecasting errors at the last time instant, denoted as

θt−∆T , using the currently sampled actual power generation Pt . This calculation is expressed

as:

θt−∆T =
Yt−∆T − Pt

Pr

× 100% (3.18)

Here, Yt−∆T signifies the historical prediction result, and Pr refers to the system’s rate power.

Fig. 3.7 (a) illustrates the statistical distribution of prediction errors over a specific period

[t − K · ∆T, t]where (K ∈ N+). For a well-converged prediction model, most errors are

observed to cluster around zero, consistent with a Gaussian distribution.
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Consequently, the probability distribution function (PDF) for these errors can be derived using

equations (3.19), (3.20), and (3.21):

µθ =

∑K
i=1 θt−i·∆T

K
(3.19)

σθ =

√∑K
i=1 (θt−i·∆T − µθ)

2

K
(3.20)

PDF
(
θ | µθ, σ

2
θ

)
=

1√
2πσ2

θ

e
− (θ−µθ)

2

2σ2
θ (3.21)

Once the PDF is established, the predictor’s recent performance can be quantitatively estimated

through the probability interval of the errors, as defined by:

p|θ|<θε =

∫ θε

−θε

1√
2πσ2

θ

e
− (θ−µθ)

2

2σ2
θ dθ × 100% (3.22)

where θε represents the acceptable boundary for prediction error, and p|θ|<θε describes the

predictor’s confidence in limiting the error within this range in the recent period.

It is important to note that the integrals in (3.22) cannot be expressed using elementary

functions and require assistance from the related error function erf . This equation can be

further simplified to:

p|θ|<θε =
1

2

[
1 + erf

(
θε − µθ

σθ

√
2

)]
× 100% (3.23)

Finally, the probability p|θ|<θε is compared against a predefined threshold Pφ to assess the

prediction’s reliability.

The prediction confidence is integrated into the PRRC method to mitigate possible forecasting

errors, which is:
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FIGURE 3.8: The test system for the predictive PRRC .

Vref =


Vt − Rmax

r ·∆T
It

Rpre
r < −Rmax

r ∩ p|θ|<θε > Pφ

Vt−∆T ·It−∆T+Rmax
r ·∆T

It
else if Rr > Rmax

r

VMPP otherwise

(3.24)

In conclusion, this prediction-based PRRC method not only utilizes prediction results but also

generates a degree of confidence for these results. By integrating prediction confidence, the

algorithm can mitigate the errors in prediction results and can generate more reliable actions.

3.2.4 Simulation and Experimental Result

This section elaborates on the performance of the proposed prediction-based PRRC scheme.

Specifically, Fig. 3.8 presents the test system for the proposed approach, a two-stage circuit

diagram. It can be seen that the proposed approach is implemented on the DC side to simplify

the PRRC process. The key parameters of this test system are summarized in TABLE 3.2.

To evaluate the effectiveness and efficiency of the proposed predictive PRRC scheme, we

applied one day’s meteorological data (from January 11, 2018) to the test platform. The

daily data from Melbourne Airport includes solar irradiance (W/m2), temperature (◦C),

wind speed (km/h), relative humidity (%), and cloud amount. The pre-trained Deep Neural

Network (DNN) predictor utilizes this data to forecast ramp events for the proposed control

algorithm. Additionally, the experiment adheres to the grid codes (Rmax
r = 10%) to test PRRC

performance. Testing occurred between 9:00 and 12:45, with ramp events concentrated during

this period and the process accelerated 30 times to minimize waiting time.
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TABLE 3.2: Key parameters of the solar PV system

Name Symbol Value
Rated capacity of PV array Pr 100 kW

Power at MPP Pmpp 305.23 W
Voltage at MPP Vmpp 54.7 V
Current at MPP Impp 5.58 A

Open-circuit voltage Voc 64.2 V
Short-circuit current Isc 5.96 A

Parallel strings Np 66
Series-connected modules Ns 5

Boost capacitor C 470 µF
Boost Inductor L 5 mH

Switching frequency fsw 10 kHz
DC side voltage VDC 380V

Proportional factor of PI P -0.0317
Integral factor of PI I -4.9

FIGURE 3.9: Experimental results of the (a)MPPT (b)APC-based PRRC
(b)PRC-based PRRC (d) prediction-based PRRC scheme.

The proposed predictive PRRC is compared with two classical PRRC schemes without Energy

Storage Systems (ESS): APC-based PRRC and PRC-based PRRC. Fig. 3.9 (a) illustrates the
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FIGURE 3.10: Comparison and summary of the experimental results.

benchmark condition, where the PV system operates under Maximum Power Point Tracking

(MPPT) without ramp rate regulation. This setup results in significant power ramp rates that

violate grid restrictions on cloudy days with intense solar irradiance intermittence. Fig. 3.9 (b)

presents power changes regulated by the APC-based PRRC, effectively controlling ramp-up

events but failing in the ramp-down scenario. Conversely, Fig. 3.9 (c) shows the PRC-based

PRRC, which regulates power fluctuations within constraints at the cost of reduced power

efficiency, highlighting a tradeoff between ramp rate control success and system efficiency.

The proposed PRRC scheme, depicted in Fig. 3.9 (d), operates normally at MPP to optimize

power harvesting and actively curtails power only when a ramp-down event is predicted or a

ramp-up event is detected, thus effectively controlling power ramp rates while maintaining

high efficiency.

For additional evaluation, Fig. 3.10 intuitively compares the regulated power generation and

resulting power ramp rates among the four control schemes. The APC-based PRRC and the

proposed PRRC show minimal interference with normal power harvesting, unlike the PRC-

based PRRC, which significantly reduces power generation. However, the APC-based PRRC
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FIGURE 3.11: Power ramp-down control by predictive PRRC.

falls short in controlling ramp-down rates, a gap effectively addressed by the PRC-based

PRRC and the proposed PRRC.

TABLE 3.3: Comparison of the Experimental Results

MPPT APC PRRC PRC PRRC Proposed PRRC
Epv (kWh) 324.99 323.82 277.17 322.98

Table 3.3 summarizes the energy harvest efficiency of the ESS-free PRRC schemes, indicating

that the proposed PRRC achieves high energy efficiency (322.98 kWh) while fully controlling

the power ramp rate, second only to the MPPT scheme.

Furthermore, Fig. 3.11 offers a detailed view of power ramp-down rate control, highlighting

the advantages of the proposed predictive PRRC over MPPT and APC-based PRRC in

preventing grid power ramp rate limit violations. The PRC-based method quickly adjusts

the PV’s power generation in response to power drop events but must then reserve power for

potential future events. In contrast, the proposed PRRC can operate at MPP most of the time

and reduce the power output when a ramp-down is about to happen.
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In conclusion, the proposed method achieves the highest energy generation efficiency com-

pared with other ESS-free PRRC approaches. It can efficiently control ramp-down rates with

the aid of the data-driven prediction approach.

3.3 Discussion and Summary

This chapter elaborates on a prediction-based PRRC approach, which marks a significant

improvement in the PRRC of solar power systems. Since the performance of predictive

PRRC is significantly affected by the accuracy of integrated predictors, the chapter thoroughly

studies the main algorithms applied in solar forecasting.

One main aspect of this chapter is to demonstrate a deep learning model used for group

solar irradiance forecasting. The model incorporates the CovGNN and LSTM to efficiently

mine the key temporal and spatial representations of the PV array’s data. The model design

considers the intrinsic characteristics of the cloud’s movements and influence on PV power

generation, which helps it make more accurate irradiance variation results.

Moreover, the chapter proposes a novel PRRC scheme based on the solar foresting results.

The chapter also investigates the overregulation problem of PRRC and designs a Gaussian

estimator to evaluate the prediction results before making control actions. Therefore, the

proposed solution shows an outperforming performance regarding control success and system

efficiency.

Another issue acknowledged is the potential inaccuracy of meteorological information ob-

tained from weather stations, which may not be situated adjacent to the PV system. This

geographical mismatch in the proposed load forecasting algorithm needs to be addressed.

Possible solutions include selecting data from the nearest weather station, employing data

preprocessing methods to align nearby weather data with local conditions, or installing basic

weather equipment onsite.

Future research can additionally improve the work by incorporating the latest DNN with the

attention mechanism. Another path is to combine the predictive PPRC with the existing PV
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system incorporated with the energy storage system. The combination should aim to reduce

the charging cycle of the batter to prolong its lifespan as well as improve the ramp rate control

when stored energy is limitted.



CHAPTER 4

Intelligent Approaches to Estimate Soiling PV Power Losses

Chapter 2 and Chapter 3 have demonstrated the solar power ramp event caused by moving

clouds’ shading and the relevant control strategies to eliminate its negative effects. Besides

the deficiency induced by the natural solar irradiance fluctuation, the efficiency of PV plants

can also be degraded by other factors like PV soiling or electrical faults. This chapter will

investigate PV soiling and introduce a novel power loss estimation method for soiled PV

modules. Compared with the solar ramp events that can be controlled with BESS or PRRC

schemes, the soiling is induced by the accumulation of dust and thus can not be eliminated

from the power control level. The automatic detention and evaluation method can be designed

to help the plant operator make regular clean schemes.

The relevant work has been published in:

• X. Jiao, X. Li, Y. Yang and W. Xiao. "Novel and Comprehensive Approach for Power Loss Estimation of Soiled Photovoltaic

Modules," in Solar Energy, vol. 268, pp. 112283, January 2024, doi: 10.1016/j.solener.2023.112283.

4.1 Soiling Loss Estimation based on Deep Neural Networks

Data-driven models, leveraging machine learning and statistical methods, present an al-

ternative approach for estimating soiling loss on photovoltaic (PV) panels. These methods

predominantly utilize historical data to forecast future losses. Recently, innovative solutions

have been developed employing image analysis techniques for soiling loss estimation. Spe-

cifically, deep neural networks (DNNs) analyze images of soiled PV panels to estimate the

associated power loss. This novel method is demonstrated in the current subsection.
44
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FIGURE 4.1: Pure data-driven method for Soiled loss estimation.

The power loss due to soiling on PV panels was estimated using a DNN-based method. The

DNN model is trained with photographs of PV panels. The training labels correspond to

measured power loss intervals. Given that the input data comprises images, Convolutional

Neural Networks (CNNs) are typically employed to form the core of the DNN model, as

illustrated in Fig. 4.1. The CNN architecture is designed to efficiently extract features

from the input images via convolutional operations. The deep learning model incorporates

down-sampling pooling layers to diminish the matrix size and fully connected (FC) layers for

flattening the output. This model processes image data and predicts the estimated power loss

for soiled PV panels.

To assess the performance of the proposed method, the DNN-based model is utilized as a

benchmark. The structure of the DNN model, detailed in Fig. 4.1, includes an input layer

that receives normalized image data. The image undergoes processing through convolution

layers, each followed by batch normalization, a ReLU activation function, and a max pooling

downsampling layer. The extracted features from these layers are then directed to a fully

connected layer for classification.

Throughout the training process, the DNN undergoes multiple epochs, fine-tuning its weights

incrementally. With each epoch, the neural network incrementally improves its accuracy in

classifying and predicting the categories of the training images. Consequently, as the DNN’s

performance enhances, the adjustments made to its weights become progressively smaller.
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FIGURE 4.2: Perspective mapping from a convex quadrilateral to a rectangle.

4.2 Soiling Loss Estimation based on Circuit Topology

Analysis and Image Processing

Previous methods relying solely on image processing techniques tend to overlook the import-

ance of the PV circuit topology, which is rich in information crucial for power generation.

As a result, these approaches often yield only satisfactory performance in estimating power

losses at low-resolution intervals.

To address this gap, the subsection presents an innovative hybrid model that combines image

analysis with circuit topology analysis to estimate power losses in soiled PV modules more

effectively. This new approach considers not just the visual data from the panel surfaces,

but also incorporates the electrical parameters inherent in the PV circuit layout. The added

advantage of this hybrid scheme is that it doesn’t require any pre-training, making it well-

suited for installations with limited computational resources.

Usually, the solar panels in a raw photo look like irregular four-sided figures. These need

to be reshaped into standard rectangular forms. The method used for this is called perspect-

ive mapping. The reshaping works by representing each corner of the irregular shape as

points (0, 0, 0), (a, 0, 0), (a, b, 0), (0, b, 0) in a 3D coordinate system. For this to happen,
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FIGURE 4.3: Decolorization of PV picture and cell image’s division.

the viewpoint, given as E = (ex, ey, ez)(ez ̸= 0), needs to be known. A point on the flat

plane p = (px, py, 0) corresponds to a point on the irregular shape r = (rx, ry, rz) as per the

viewpoint. This correspondence is explained by the equation:

p = E + t · (r − E) (4.1)

To successfully perform the reshaping, projections of the irregular shape must be discovered

in the flat plane. These projections (px in [1,b], py in [1,a], and pz=0) give us the dimensions

for the rectangle. Solving this part requires identifying key points like the corners of the shape.

Once this is done, the irregular image can be converted into a standard rectangular one. The

colour data for this new image is captured in an array:

Hrgb =


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 (4.2)

To make the processing more efficient, the color in the image is removed, leaving a grayscale

picture. This panel image is then broken down into smaller segments (as shown in Fig. 4.3).

Each of these smaller images corresponds to the condition of an individual solar cell pcij . This
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FIGURE 4.4: A common circuit topology of the PV panel with multiple submodules.

average grayscale value for each cell image can be calculated as

pcavg =

∑c
i=1

∑d
j=1 p

c
ij

c · d
(4.3)

Soiled solar cells are flagged when the average grayscale value pcavg exceeds a certain threshold

ε. This threshold is typically estimated from the average grayscale tone of clean solar cells.

To estimate the power loss due to soiling on solar panels, circuit analysis is used. The extent

of power loss is closely tied to the panel’s internal wiring layout. For the purpose of this

study, a standard model as seen in Fig. 4.4 is employed. This model represents a typical

solar panel containing multiple smaller units, known as submodules, each made up of a

series of individual solar cells. These submodules are generally wired in parallel and feature

bypass diodes situated in a junction box. This model serves as a good approximation for most

commercially available solar panels.

If it’s assumed that each submodule has m identical solar cells, then Kirchhoff’s laws for

current and voltage provide the following equation:

isub = ic1 = ic2 = · · · = icm

vsub = vc1 + vcl2 + · · ·+ vcm

(4.4)
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FIGURE 4.5: Operation quadrants of PV output.

In a submodule containing dirty PV cells, the short-circuit current levels follow the relationship

Isoiledsc < Iunsoiledsc . As a result, all cells in the submodule can produce power as long as the

current isub remains between 0 and Isoiledsc . If isub goes beyond Isoiledsc , the dirty cell shifts to

resistive behavior, functioning in the second quadrant as depicted in Fig. 4.5. Because these

cells are in a series configuration, this shift impacts all cells, causing them to generate reverse

currents. These negative currents, however, are quickly redirected because each submodule

is parallelly connected to a diode. Hence, the power output of the submodule is primarily

limited by its dirtiest cells, even if most cells are clean. This is commonly referred to as the

’bucket effect,’ which can lead to considerable energy losses in dirty PV panels. The power

output constraints for a dirty PV submodule and its individual cells are defined as follows:

0 ≤ ici = isub ≤ I soiled
sc

vsub , vci ≥ 0, i ∈ [1,m]
(4.5)

The electrical output from the photovoltaic (PV) panel fluctuates in accordance with the

shifting count of submodules that are bypassed. Since the PV operation is usually controlled

by maximum power point tracking (MPPT) algorithms, the power generation P of a potentially

soiled PV panel with n submodules can be derived as

P = max {P0, P1, · · · , Pj} (4.6)
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where Pj (j ∈ [0, n]) is the solar power generation when j submodules are soiled and

bypassed. In other words, the optimal operating mode can be determined by comparing the

power generation across all bypass scenarios. The case is like the partial shading where the

P-V curve of the solar system is a multiple-peaks curve. The PV system should operate under

conditions that maximize power output while also satisfying the above-derived constraints.

Pj can be calculated by ([96]):

Pj =m · (n− j) · vc · . . .{
log

[
Iph − ic − (vc + ic ·Rs) /Rsh

Is
+ 1

]
a · −ic ·Rs

} (4.7)

where Rs is series resistance; Rsh is the shunt resistance; Iph is the photo current; Is is the

saturation current and a is the modified diode ideality factor.

The maximal power generation of unsoiled PV module is

P us =m · n ·
[(

1 +
Rs

Rsh

)
a(W − 1)−Rs

]
· · ·[

Iph ·
(
1− 1

W

)
· Iph ·

(
1− 1

W

)
− a · (W − 1)

Rsh

] (4.8)

where W = Lambert-W
{

Iphe

Is

}
.

The power loss Ploss ratio is:

Ploss =
P us − P

P us
× 100% (4.9)

4.3 Numerical Validation and Comparison

The data used in this test is from the IBM Research Lab [63]. It includes 45,754 soiled PV

photos in wide soiling scenarios. The pure data-driven model is compared as a benchmark

to highlight the improvement. The DNN model is trained by 75% of the image datasets and

tested by the remaining 25%.
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The evaluation of the hybrid scheme involves directly testing all 45,754 PV panel photos,

bypassing any pre-training process. This testing aims to determine the accuracy of the scheme

in estimating power loss. The error distribution, representing the relative difference between

estimated values and labelled data, is displayed in Fig. 4.7. The majority of these errors fall

within the range of −5 to 5 percent.

For a comprehensive assessment, the proposed scheme’s results are compared with those of a

benchmark method based on Deep Neural Network (DNN) classification. This comparison

utilizes specific technical indicators to evaluate the accuracy of interval predictions produced

by both the proposed scheme and the benchmark method.

Recall =
TP

TP + FN
× 100% (4.10)

Precision =
TP

TP + FP
× 100% (4.11)

Accuracy =
(TP + TN)

(TP + TN + FP + FN)
× 100% (4.12)

where TP denotes the number of true positives, TN denotes true negatives, FP denotes false

positives and FN represents false negatives.

Fig. 4.6 displays confusion matrices comparing the proposed method and a DNN model-based

method for power loss estimation, with the loss range divided into eight intervals: 0-12.5%,

12.5-25%, and so on up to 87.5-100%. The DNN model, requiring pre-training, is tested

with only 25% of the photos. In the matrices, rows indicate predicted classes, and columns

represent true classes. Correct classifications are shown on the diagonals, while off-diagonal

cells indicate errors. The cell in the bottom right corner reveals each method’s overall accuracy.

The proposed method achieves a 94.6% accuracy rate, surpassing the benchmark model’s

83.6%. Precision rates are listed in the far-right column, and recall rates are in the bottom

row. The proposed scheme demonstrates superior precision and recall compared to the DNN

model, particularly in distinguishing slightly soiled panels, where the DNN model’s precision

drops significantly for slots 2-4.
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FIGURE 4.6: Confusion matrix comparison (a) pure data-driven model and
(b) hybrid scheme.

FIGURE 4.7: The error distribution of the estimated soiled loss.

To address scenarios requiring finer power loss resolution, the range was subdivided into 20,

50, and 100 intervals for testing at 5%, 2%, and 1% resolutions, respectively. Due to their

large sizes, only the accuracy results of these tests are summarized in TABLE 4.1. The table

indicates that while the benchmark DNN model is optimized, it does not perform as well

as more advanced models. As resolution increases, the DNN model’s accuracy decreases

sharply, from 83.58% to 24.61%, whereas the proposed method maintains relatively high

accuracy even under stringent resolution requirements.
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FIGURE 4.8: Training progress comparison.

An additional advantage of the hybrid method is its efficiency, as it eliminates the need for

pre-training, unlike traditional DNN-based methods. Fig. 4.8 compares training times for

the DNN model across various resolution tasks, highlighting the significant time investment

required, which can be even greater for more complex models or larger datasets. In contrast,

the proposed method can be applied directly to power loss estimation tasks without incurring

these training costs, offering a more practical solution for PV farms with limited computational

resources.

TABLE 4.1: The Accuracy Comparison of Soiled Loss Estimation

Resolution 12.5×8 5×20 2×50 1×100
Pure data-driven DNN model 83.58% 66.32% 41.97% 24.61%
Hybrid scheme 94.60% 87.61% 75.72% 64.13%

4.4 Discussion and Summary

This chapter discussed the methods to estimate soiled loss for solar PV and introduced a novel

hybrid approach for estimating power loss in soiled photovoltaic (PV) panels, combining

image processing techniques with circuit topology analysis. The method is tested under

diverse soiling conditions and compared with pure data-driven DNN-based estimator.
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One of the most significant advantages of the hybrid scheme is its high efficiency, primarily

attributed to the elimination of the pre-training process, a standard requirement in conventional

data-driven methods. This aspect not only streamlines the implementation but also makes it

particularly suitable for PV farms where computing resources may be limited. It has been

proved that the proposed method has better performance than the DNN predictor, especially

for the scenario with a high prediction resolution requirement. The proposed scheme also

shows promising results when the soiling effect is insignificant. In the future, this method can

be combined with UAV to monitor large PV farms efficiently.

The limitation of the study is that this method can only be applied to uninformed soiling

scenarios. Thus, future research can additionally investigate the uniform soiling by studying

the clean PV photo’s characters.



CHAPTER 5

The Advanced Approaches to Diagnosis Fault in Solar PV Plants

The most critical technical indicator for the PRRC is the solar system’s power ramp rates.

However, solar power output is influenced by various factors, not just irradiance fluctuations.

These include electrical faults, as discussed in this chapter. If such faults occur and are

not promptly addressed, the PRRC cannot function as intended. Therefore, developing an

effective fault detection method is essential to ensure the system’s reliability and the accurate

implementation of previously proposed PRRC schemes.

If the electrical fault is not detected and identified, it may significantly decrease the PV system

efficiency. In the worst case, it may bring fire risk to the community. Previous detection

methods usually require the installation of additional equipment, which increases the overall

cost of the system. This chapter will demonstrate a novel fault detection scheme for the

PV system. The proposed method does not require additional sensors or other hardware

installation. Moreover, the scheme can be combined with the existing MPPT operation of the

PV system and will not interrupt its normal operation.

The relevant work has been published in:

• X. Jiao, X. Li, T. Yang, Y. Yang and W. Xiao, "A Novel Fault Diagnosis Scheme for PV Plants Based on Real-Time System

State Identification," in IEEE Journal of Photovoltaics, vol. 13, no. 4, pp. 571-579, July 2023,

doi: 10.1109/JPHOTOV.2023.3262950.
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FIGURE 5.1: The common faults of PV system.

5.1 Faults in the Solar PV Systems

The existing faults of the PV system include the open-circuit(OC) fault, short-circuit (SC)

fault and the mismatch fault that brought my cloud’s partial shading(CPS).

SC faults in PV arrays can be classified into line-to-ground (LG) faults and line-to-line (LL)

faults. LL faults are further divided into intra-line faults, where the short-circuit occurs

within the same string of PV modules, and cross-line faults, which occur between different

strings. This classification is visually represented in Fig. 5.1. There has been some debate

in the field, as noted in the literature [97], about the categorization of LG faults, with some

experts suggesting that they can be considered a specific type of LL fault due to their similar

characteristics.
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FIGURE 5.2: The electrical performance of CPS fault.

5.2 The Complexity of Mismatch Distinguishment in PV

Fault Diagnostics

A primary challenge in the diagnosis of faults is distinguishing the mismatch between Clouds’

Partial Shading (CPS) and Short-Circuit (SC) line faults. Both conditions exhibit similar

electrical characteristics, making their accurate identification complex.

Fig. 5.2 illustrates the electrical characteristics’ changes of a PV array during a CPS mismatch

caused by moving clouds. This scenario typically involves a shift from normal operation

(State 1) to a malfunctioning state (State 2). Prior research has predominantly focused on

analyzing the transient moment when the PV array transitions between these two states. For

instance, [75] employs a method of scanning the P-V curve and analyzing the position of the

local minimum to identify faults. Similarly, [77] bases its fault detection on the variations

in the PV array’s open-circuit voltage, short-circuit current, Maximum Power Point (MPP),

and other sampled data points. [87] compares the locations and rate of change of the MPPs.

However, these approaches rely on contrasting the differences between the transient states,

which can lead to inaccurate judgments in scenarios with significant system noise or in

complex fault conditions.
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FIGURE 5.3: The electrical curves’ changes of PV with the intra-line SC fault.

Moreover, many of these techniques, except [87], require the scanning of the PV array. This

process interrupts the system’s normal operation, potentially leading to additional power

losses and complicating the fault detection procedure. The challenge, therefore, lies in

developing a method that can effectively differentiate between SC faults and CPS mismatches

without disrupting the PV system’s regular functioning. Ideally, such a method should be

robust enough to handle complex scenarios and minimize false positives caused by system

noise or other external factors. Another design target should be to achieve a balance between

reliable fault detection and minimal disruption to the PV system’s operation, paving the way

for safer and more efficient solar energy production.

5.3 A Novel Real-Time System Identification Approach

To address the above-mentioned challenges, this section introduces a novel real-time system

identification approach for fault diagnosis in PV arrays. The scheme can only use voltage and

current information sampled during regular MPPT operation to detect emerging faults. This

innovative approach allows for potential deployment in almost all existing PV array systems

without the need for additional hardware.



5.3 A NOVEL REAL-TIME SYSTEM IDENTIFICATION APPROACH 59

The scheme focuses on the long-term characteristics of array faults. Initially, as illustrated in

Fig. 5.2, the solar arrays operate without shading, resulting in normal array curves (State 1).

From States 2 to 4, clouds pass over the PV array, causing increasing partial shading. This

shading is identifiable by the distorted I-V/P-V curves. In State 5, the PV array may become

entirely shaded by clouds, leading to uniform solar irradiance and thus, the array curves return

to normal. In certain cases where the cloud is small, its shading might pass quickly, also

leading to uniform solar exposure. Consequently, it can be inferred that PV arrays naturally

recover from partial shading caused by moving clouds, as the clouds eventually pass or

uniformly shade the array. This recovery typically occurs within tens of seconds due to the

high speed of cloud movement.

On the contrary, the characteristics of Short-Circuit (SC) line faults differ notably from those

of Clouds’ Partial Shading (CPS) when their long-term behaviours are observed and compared.

As depicted in Fig. 5.3, the PV system initially operates under Standard Test Conditions (STC)

with an unimodal I-V/P-V curve (State 1). The introduction of an intra-line SC fault leads to

distorted I-V/P-V curves indicative of abnormal operation. To simulate challenging scenarios

for fault identification, CPS is added in State 3 (partial shading) and State 4 (uniform shading).

In State 5, as cloud shading passes, the PV array is exposed to unshaded solar irradiance

again. However, unlike the CPS mismatch, the system fails to return to normal operation due

to the persistent intra-line SC fault, highlighting a key characteristic distinguishing SC line

faults from CPS mismatches.

Furthermore, SC faults can occur in different PV strings or between PV arrays and the ground,

as shown in Fig. 5.4. These scenarios are known as cross-line faults and line-ground faults,

respectively. Along with intra-line faults, they are collectively classified as SC line faults.

The long-term characteristics of these faults concur with the classification criterion: all line

faults require manual intervention for resolution. Thus, line faults can be differentiated from

CPS-induced abnormalities by examining the long-term characteristics of the PV array.

Before finalizing the fault detection scheme for photovoltaic (PV) arrays, it is crucial to

establish the size of the tolerance window, denoted as Tmax, for abnormal states. The

determination of Tmax is particularly important because the speed of moving shading, which
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FIGURE 5.4: The characteristics of PV with the (a) cross-line fault and (b)line-
ground fault.

generally follows the wind speed, can vary significantly across both temporal and spatial

domains. Thus, the local average wind speed,V̄wind, is utilized as a key factor in calculating

the size of the tolerance window. Thus, the tolerance window can be calculated by:

Tmax =
Dmax

V̄wind
(5.1)

where Dmax represents the maximum distance that cloud shading could potentially move

across the PV array. Typically,Dmax is equivalent to the diagonal length of the PV array.

In this scheme, a malfunction is identified as a Short-Circuit (SC) line fault if the duration

of the abnormal states,∆Tab, exceeds Tmax. The operational condition of the PV array is

discerned using the long-term characteristics. If the PV array does not return to normal

operation within the time frame of Tmax, it is reasonable to infer that the system is likely

experiencing an SC line fault.
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So far, identifying abnormal states in PV arrays still relies on analyzing the P-V/I-V curves,

obtained by scanning through all operational states of the system. This process, however,

disrupts the normal MPPT operation of the PV systems. To address this issue, the method

continues to eliminate the need for curve scanning. Instead, it identifies the array’s abnormal

states by comparing the estimated and actual MPP parameters.

It’s important to note that MPP estimation, which is done by curve-fitting, is accurate only

when the PV array is uniformly exposed to solar irradiance. Consequently, the operational

condition of the PV array can be determined by constantly comparing the estimated and

measured MPP values. Agreement between these values indicates normal operation under

uniform solar exposure, while a discrepancy suggests malfunction due to partial shading or a

line fault. Hence, the approach does not need to scan the entire I-V or P-V curves.

As both the estimated and actual MPPs can be represented as two-dimensional vectors in the

I-V domain, the accuracy of the MPP estimation can be judged based on the relative norm of

their difference, denoted as l :

l =

√
(V est

MPP − VMPP )
2 + (IestMPP − IMPP )

2

V 2
MPP + IMPP

2
× 100% (5.2)

where V est
MPP , IestMPP , VMPP and IMPP refer to the voltages and currents of the estimated and

actually tracked MPPs, respectively.

The state of the PV array is determined by monitoring the value of l. If l is below a small

threshold value ϵ, the array is considered to be operating normally. Conversely, a value above

this threshold indicates an abnormal state. The scheme can be summarized as:

Normal operation l < ϵ (always)

Partial shading l < ϵ → l ≥ ϵ → l < ϵ

Line fault l < ϵ → l ≥ ϵ (∆Tab > Tmax )

(5.3)

Fig. 5.5 additionally explains this novel fault identification scheme. It only requires only

the PV array’s output voltage and current for the judgement. When the PV system operates

normally with Global MPP Tracking (GMPPT), the scheme utilizes recent operational data to
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FIGURE 5.5: The fault identification scheme based on PV’s long-term characteristics.

assess current solar irradiance and temperature and then compares the current MPP with the

actual tracked MPP. The scheme determines the PV array’s current state by monitoring the

difference norm l and maintains this data for later analysis. Consequently, it can identify the

type of fault based on the PV system’s long-term characteristics.

5.4 Simulations and Experimental Verification

To validate the effectiveness of the newly developed fault diagnosis scheme for photovoltaic

(PV) arrays, comprehensive experiments were conducted. The setup consisted of a 3×2 PV

array composed of six SPI-M240W-60IM panels, cascaded by a Boost converter implementing

Perturb and Observe (P&O) MPPT.

The experimental results are graphically represented in Fig. 5.6, and the calculated relative

difference norms l(%) are based on currents and voltages sampled during Global MPPT

(GMPPT), as summarized in Table III.

Fig. 5.6 (a) shows the PV array under uniform solar irradiance, indicating no SC faults or

CPS mismatches. The PV array operates normally, confirmed by consistently low values

(l < ϵ), as detailed in Table 5.1.
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FIGURE 5.6: The experiment results of the introduced fault detection scheme
tested under various scenarios.

TABLE 5.1: Recorded Experimental Data

0-2.5 s 2.5-5 s 5-7.5 s 7.5-10 s 10-12.5 s Recover ?
Normal 0.09 0.03 0.12 0.07 0.14 N/A

CPS 0.10 1.61 2.00 0.56 0.22 Yes
L-G 0.10 1.98 3.12 2.50 0.63 No

Intra-line 0.11 2.14 2.78 2.74 0.66 No
Cross-line 0.05 2.42 2.71 2.47 2.35 No
CPS+SC 0.11 12.91 7.50 1.13 2.72 No

Fig. 5.6 (b) shows the CPS mismatch condition. Initially, the entire PV array is unshaded

(G = 1000W/m2), resulting in a very low l = 0.1% < ϵ. Between 2.5 and 10 seconds, partial

shading by moving clouds G = 850W/m2 causes a mismatch, reflected by increased l values

(l > ϵ). When uniform shading occurs,l drops (l = 0.22% < ϵ), demonstrating the system’s

recovery from CPS mismatch, as identified by the scheme.

Fig. 5.6 (c), (d), (e)) show different types of SC faults (intra-line, cross-line, and line-to-

ground) are simulated. In each case, l consistently exceeds the threshold ϵ and does not

revert, indicating persistent faults. The scheme effectively identifies these abnormalities,

differentiating SC faults from CPS mismatches, and signals the need for manual intervention

to prevent potential hazards.

Fig. 5.6 (f)) shows the concurrent CPS mismatch and SC fault. This extreme scenario

showcases the robustness of the method. Initially, the system operates normally (l = 0.11% <

ϵ). Upon simultaneous application of CPS mismatch and SC fault at 2.5 seconds, l surges
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(l = 12.91% > ϵ). After the CPS mismatch ends at 7.5 seconds, l remains high due to the SC

fault, validating the scheme’s ability to detect SC faults amidst complex conditions.

In conclusion, the experimental outcomes affirm that the introduced scheme can effectively

differentiate between normal operation, CPS mismatch, and SC faults in PV arrays by

monitoring the relative difference norm l. Its ability to identify SC faults, even in challenging

scenarios, underscores its robustness and potential for enhancing PV system safety.

5.5 Discussion and Summary

This chapter introduced a novel fault diagnosis scheme for the solar PV system. This scheme

adeptly differentiates SC line faults from the effects of MCPS, a common challenge in the

operation of PV systems.

A critical advancement of the introduced scheme over traditional methods is its elimination of

the need for additional sensors, equipment, or the system’s disconnection for curve-scanning.

These conventional approaches often incur extra costs and cause operational interruptions.

The proposed fault detection scheme can be combined with PV MPPT, which will not interrupt

its normal operation.

Moreover, the method is based on the long-term charter of PV system, which makes it robust

to the short-term noise. The above simulation and experiments have proved that the proposed

scheme can detect the fault accurately and efficiently in a wide range of testing scenarios.

This work only analysis the data sampled in the steady state. Future work can additionally

investigate the possibility of detecting the faults while the PV system is working in the MPPT

transient state.



CHAPTER 6

Conclusion

In conclusion, this thesis has extensively explored various challenges and potential solutions

within the solar photovoltaics (PV) industry.

Chapter 1 introduces the thesis background, research motivations, and a review of recent

studies.

Chapter 2 discusses the DC side of PRRC, focusing on BESS-free methods in solar PV

systems and detailing a variable step-size approach. Simulation results and design constraints

for power control are summarized.

Chapter 3 examines prediction-based PRRC, highlighting the integration of state-of-the-art

graph neural networks (GNN) into PV systems and evaluating their performance. The chapter

concludes with simulation results and discussions on PRRC design constraints.

Chapter 4 addresses intelligent methods for estimating soiling losses in PV systems, reviewing

both data-driven methods and combinations of circuit analysis with image processing. Efficacy

is shown through numerical validations and comparisons.

Chapter 5 covers advanced diagnostic approaches for PV faults, introducing a novel real-time

identification method and discussing its validation through experiments.

This chapter summarizes the thesis and outlines the main contritions and future works.
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6.1 Overview of Key Contributions

The main contributions are summarized as:

• The thesis has reviewed the solar power ramp rate control scheme and demonstrates

the two novel ESS-free PRRC schemes proposed by the author.

• The thesis has made a comprehensive review of the existing solar prediction models

and demonstrates one graph neural network-based predictor proposed by the author.

• The work has discussed the common electrical faults of solar PV systems and

analysed the main challenges to detect and distinguish these faults. Additionally, a

novel fault detection method proposed by the author is demonstrated.

• The thesis analysed the soiling issue of PV systems and reviewed the recent deep-

learning-based solutions. A hybrid method based on PV image analysis and PV

modelling is then introduced.

• The thesis summarized the main challenges brought by increasing solar power

capacity and investigate the intelligent solutions to improve PV system reliability

and resislience.

6.2 Potential Areas for Future Work

Future research should continue to refine these methodologies, focusing on real-world applic-

ation and scalability. It is also imperative to explore the integration of emerging technologies,

such as artificial intelligence and IoT, with traditional energy systems to create a more adaptive

and resilient energy infrastructure.

For the power ramp rate control, future studies can investigate the possibility of grouping

PV panels with various solar exposure conditions. In such diverse settings, power ramp rates

can differ greatly among individual PV modules. Addressing this variability necessitates the

formulation of sophisticated strategies for synchronized module operation, thereby improving

the aggregate efficiency and adaptability of the entire system.



6.2 POTENTIAL AREAS FOR FUTURE WORK 67

Moreover, there is considerable scope for investigating advanced deep-learning models and

integrating more refined forecasting techniques. These developments could significantly

advance PRRC’s capabilities in the dynamic field of solar energy. Current DNN prediction

models require substantial computational resources. Hence, there is a pressing need for more

accurate yet less complex prediction algorithms. Such innovations would not only enhance

prediction accuracy but also reduce the computational burden, making these models more

accessible and practical for widespread application.

With the growing deployment of PV panels, developing robust methods for detecting mal-

functions like electrical faults, partial shading, and panel soiling becomes increasingly crucial.

Effective fault detection is imperative for maintaining system efficiency, ensuring normal

operation, and mitigating potential hazards. Future research should focus on creating more

effective diagnostic tools and methodologies to identify and address these issues promptly

and accurately.
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