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ABSTRACT: This paper presents a fault management model for the protection of off-grid PV system. Data was 
collected from an off-grid 4.2 kW PV system installed at Edugen technologies Ltd, located at Nsukka, Enugu State, 
Nigeria. An adaptive feature extractor using a cross-correlation approach was used to identify and extract intricate and 
high dimensional features of PV characteristics. This data was then used to train a neural network. For the training of 
the network, Bayesian optimization (Bayes) and adaptive movement estimation (Adam), were used individually and 
as hybrid. The models generated were evaluated experimentally, considering Mean Square Error (MSE), Coefficient 
of determination (𝑅ଶ), and Root Mean Square Error (RMSE). Comparative analysis of the three training algorithms 
showed that the hybrid optimization algorithm recorded better 𝑅ଶ of 0.9824, MSE of 9.5673e-9, and RMSE of 9.781e-

5 when compared to Bayes and Adam. In conclusion, the hybrid optimization-based PV fault detection model was the 
most suitable for PV protection and is therefore recommended for the protection of off-grid standalone PV systems to 
ensure power sustainability. 
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I. INTRODUCTION 
Globally, renewable energy sources are playing critical roles 

in the electricity generation sector. Notably, the Photovoltaic 
(PV) constitutes one of the most promising for green energy 
technologies due to several advantages such as global 
availability, modularity, ease of implementation, low 
maintenance cost, and environmental friendliness (El-Banby et 
al., 2023). Since 2000, the global cumulative installed PV 
capacity has continued to increase on a yearly basis, according 
to Al-Katheri et al. (2022). For instance, in 2020, global PV 
installed was 773.2 GW, which was 138 GW more than the 
previous year (Global Cumulative Installed Solar, 2019). 
Nevertheless, Garoudja et al. (2017) and Tina et al. (2016) 
revealed that PV systems are prone to several types of faults, 
which impact their reliability. 

According to the United Kingdom (UK) energy audit by 
Firth et al. (2010), faults in PV systems result in 18.9% loss 
annually, thus necessitating the need for a Fault Detection 
System (FDS). Faults in PV originate from various parts of the 
system, which range from the panel fault, module aging, shadow 
fault, and dirty modules and can be generally classified into 
physical, electrical, and environmental faults as posited by 
Garoudia et al. (2017). The physical faults occur mainly on the 
panel due to damage on the cell, diode bypass, cracks on the  
panel, or degradation due to age factors. Environmental faults 
are external issues such as shading faults, which occur because 
of cloud movement, tree shadows, and leaves falling on the 
panel and blocking input of irradiance. Electrical faults are 
another type of fault Yuan et al. (2022) classified into array 
faults and power conditioning unit faults. While the latter are 

divided into Direct Current (DC) and Alternative Current (AC) 
faults, the former comprise line-to-line, open circuit, and line-
to-earth faults. Batteries, maximum power point trackers, and 
switch converters are examples of DC devices that can 
experience DC faults, whereas grid irregularities and islanding 
operations are examples of AC faults. 

Generally, the methods of fault detection are classified by 
Tina et al. (2016) into electrical, thermal, and visual methods. 
The electrical method focuses on current-voltage (IV) 
characteristics curve analysis, Power Loss Analysis (PLA), 
Voltage and Current Measurement (VCM), Artificial 
Intelligence Techniques (AIT), and Signal Processing (SP) 
according to Mellit et al. (2018) and El-Rashidy (2022), while 
the thermal and visual method include techniques such as 
florescence imaging, ultraviolet technique (Kontges et al., 
2014), physical inspection, and thermograph techniques (El-
Banby et al., 2023).  

Today, Machine Learning (ML) has continued to dominate 
studies for fault detection. ML is AIT which can learn from data 
to solve prediction or classification problems, according to 
Ebere et al. (2025). In the context of faults in PV systems, 
Utama et al. (2023) used the three Explainable Artificial 
Intelligence (XAI) approaches: Shapley Additive Explanations 
(SHAP), Anchors, and Diverse Counterfactual Explanations 
(DiCE). The model's comparative analysis showed that SHAP 
with MLNN had the highest classification accuracy, at 99.11%. 
In a different study Zhang et al. (2022), the fault characteristics 
of mismatched PV strings were determined using the I-V curve. 
The technique builds a detection line from the I-V data using the 
line parallel movement and the positional relationships to 
identify inflection steps on the curve. Out of 200 mismatch 
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samples applied to test the model, 100% recall was reported and 
96.6% precision was also recorded. Stack ensemble learning 
and ANN were combined in Mellit et al. (2023a) for the 
classification of fault data, considering attributes such as 
current, voltage, irradiance, and temperature, and recorded 
96.50% classification accuracy when tested with a shade fault. 
The model was deployed in a microcontroller and integrated 
with the Blynk Internet of Things (IoT) dashboard application 
as an embedded system for remote monitoring of PV faults. 
Wang et al. (2023) combined sparse autoencoder and Bayesian 
inference for the calibration of PV fault and recorded Root Mean 
Square Error (RMSE) of 0.0014. While these papers all 
contributed successfully to PV fault detection, Rouani et al. 
(2021) argued that PV data are highly uncertain and require a 
model that is proactive to model this behaviour. Vertices 
Principal Component Analysis (VPCA) was proposed and 
trained considering shading fault data. However, the 35.7% 
false detection rate recorded leaves room for improvement.  

In Sairam et al. (2022), an irradiance-based three-diode 
panel fault classifier was developed using an extreme gradient 
boosting algorithm. The results after evaluation using RMSE 
reported 0.00799. Lakshmi et al. (2023) also proposed a 
combination of a light gradient boosting algorithm and a 
decision tree. This hybrid model was trained with input PV data 
containing current, voltage, and temperature for the prediction 
of fault. After evaluation, MSE reported 8.84, while coefficient 
of determination R^2recorded 0.9939. 90% classification 
success was reported in Li et al. (2019), who used ANN to detect 
different types of faults, which include electrical and shadow 
faults, while in Et-Taleby et al. (2023), deep learning algorithms 
Convolutional Neural Network (CNN), Region-based CNN (R-
CNN), Ensemble algorithm (ANN, Deep-CNN, decision tree), 
and machine learning (Probabilistic Neural Network (PNN), 
Principal Component Analysis (PCA), Support Vector 
Machines (SVM), and K-Nearest Neighbours (k-NN)) were 
analysed for the detection of PV fault. Results after evaluation 
with solar panel failure data reported an accuracy of 99.49% for 
K-NN, SVM, and CNN; PNN reported 100%, while DT and 
ANN reported 99.65%. 

According to several studies, deep learning models have 
outperformed traditional machine learning in various 
applications due to their ability to learn high dimensional data 
better (Hong and Pula, 2022; Chidi et al., 2024; Kekong et al., 
2019; Dai and Salim, 2020; Deng et al., 2014).  In the context 
of PV faults, Liu et al. (2021) combined stacked autoencoder 
and clustering approaches for the detection and diagnosis of PV 
faults. Chen et al. (2019) trained a Deep Residual Network 
(DRN) using I–V curve characteristics and ambient temperature 
data for intelligent fault diagnosis. CNN and residual gated 
recurrent units were applied by Gao and Wai (2020) to monitor 
deviations in the I–V curve and classify faults in PV systems. 
Similarly, Appiah et al. (2019) combined Long Short-Term 
Memory (LSTM) and SoftMax regression classifiers for the 
detection and diagnosis of faults using I–V characteristic data. 
In Liu et al., (2023), a comparative analysis of Infrared 
Thermography (IRT) considering integrated Deep Learning 
(DL) and ML. The findings showed the DL approach recorded 
better classification success than the traditional ML. The reason 

according to Deng (2014) was due to DL ability to learn from 
high-dimensional data. Meanwhile Sarker (2021) revealed that 
DL suffers several challenges which include high data demands, 
high resource computation requirements, being prone to over-
fitting with small datasets, and struggling to adapt to changing 
real-world problems. In addition, DL requires a Graphical 
Process Unit (GPU), which in most cases is expensive to 
subscribe to.  

Multi-Layer Perceptron (MLP) provides an alternative 
approach to address the challenges faced by deep learning 
algorithms (Al-Katheri et al., 2022). MLP is a type of feed-
forward neural network with multiple interconnected layers that 
learn to solve complex problems. Several studies have shown 
that MLPs are robust to noisy data, offer high accuracy, and are 
simple yet efficient, with fewer resource requirements and a 
reduced risk of overfitting—particularly with limited datasets. 
They are also flexible, as they can be easily retrained (Al-
Katheri et al., 2022; Chen et al., 2020; Sarker, 2021; Habor et 
al., 2021). Mekki et al. (2016) applied MLP for the estimation 
of current and voltage variation due to solar irradiance and cell 
temperature. Chine et al. (2016) considered eight different types 
of faults using I-V characteristics data with inputs of open 
circuit voltage and current to train MLP. Rao et al. (2019) 
applied SoftMax function in the output layer of MLP or the 
classification of PV faults considering I-V characteristics. Ul-
Haq et al. (2020) also combined scaled conjugated gradient and 
MLP to train with PV fault data collected from poly-crystalline 
PV technologies, while Khelil et al. (2021) applied back-
propagation algorithm and MLP for the detection of short circuit 
faults in PV systems. Gap resides in the need to consider other 
types of faults, such as environmental and physical fault. In 
addition, the need for an adaptive model capable of learning 
dynamic and heterogeneous behaviour of PV fault conditions 
has already been identified. Therefore, modelling a PV fault 
detection system that considers these problems presents the 
need for this research. The major contributions of this paper are 
as follow. 
i. To propose a cross-correlated feature extraction model 

which identifies the intricate features of PV fault data 
ii. To propose an adaptive optimization algorithm for 

improved model convergence, optimal hyper-parameter 
selection and generalization 

iii. To compare the performance of neural network on three 
different training algorithms and validate the best with real 
fault data.  

II. THEORITICAL ANALYSIS 
This section presents theory of Photovoltaic (PV) 

technology and types of PV systems.  
a. Photovoltaic Technology 
Photovoltaic (PV) technology, commonly known as solar 

technology, involves transforming energy from the sun into 
electricity using semiconductor materials (El-Banby et al., 
2023). It is the mainstay of photovoltaic technology and 
constitutes mainly semiconductor materials like silicon. 
Semiconductor materials, including silicon, are used to make 
solar cells. When light strikes the cell, the energy of photons of 
light is transferred to the charge carriers. The electric field 
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across the junction separates the positive charge carriers created 
by photons (holes) from their negative counterparts, electrons. 
In this manner, once the circuit is closed on an external load 
electrical current is extracted (Weidong, 2017). 

b. Types of PV Systems 
There are three major connections of PV systems which 

are Stand-alone (off-grid), Grid connected and Hybrid system 
(Heinrich, 2016). 

i. Stand-alone (off-grid) 
A Stand-Alone Photovoltaic (PV) System, also known as 

an off-grid PV system, is an independent solar energy system 
that operates autonomously and is not connected to the electrical 
grid. This type of installation is basically used in remote areas 
where grid access is impractical or unavailable (Heinrich, 2016). 
Stand-alone PV systems are designed to generate, store, and 
deliver electricity to serve the energy demands of a specific 
usage. These systems comprise of solar panels, charge 
controllers, battery bank, inverters, DC loads and AC loads. 

ii. Grid connected 
An electrical grid connection enables the smooth 

integration of solar-generated electricity with the utility grid 
(Kachhwaha et al., 2022). This type of system is known as a 
grid-connected photovoltaic (PV) system.  These systems are 
majorly employed across all home categories to harness solar 
energy, contributing to the overall electricity supply. This 
system also supplies auxiliary power during any short period of 
grid failure (El-Banby et al., 2023). For frequency control, 
voltage and waveform in order to meet the requirements for 
feeding power into grid, this system needs additional 
equipment. The basic components that are seen in a grid 
connected PV system include: the PV arrays, inverters, 
mounting structure grid connection and inverter standards, 
monitoring and control system, net metering, AC loads. Grid-
connected PV systems offer benefits such as reduced electricity 
bills, environmental sustainability, and the potential for 
financial incentives. 

iii. Hybrid systems 
     Photovoltaic modules combined with an additional power 
source, like a wind or diesel generator, make up hybrid systems. 
For hybrid PV systems, more sophisticated controls are 
typically needed to optimize the combined output of the two 
generators compared to standalone ones (Kachhwaha et al., 
2022). The diesel engine in PV/diesel systems, for example, 
needs to start when the battery gets to a specific discharge level 
and equally stop when the battery gets to an adequate state of 
charge. 

 
III. MATERIALS AND METHOD 

          The methodology of this work began with data collection 
of PV fault records, considering several fault types such as earth 
fault, shadow fault, open circuit fault, and short circuit faults 
from a PV installation. The collected data were processed to 
address duplicated values and missing values before the 
application of a proposed feature extraction technique with the 
capability to identify and extract dynamic and heterogeneous 
PV fault attributes, which were then applied to train a MLP 
neural network. During the training, a proposed adaptive 
optimization algorithm was applied for optimal hyper-

parameter selection and model convergence, and then dropout 
techniques were also applied to ensure model generalization of 
the fault detection network. The generated model was validated 
through comparison with other training algorithms such as 
Adam and Bayesian optimization respectively. 
 

A Data Collection 
The data used for this work was collected from an off grid 
(12panel * 350watt) 4.2kW PV power system installed at 
Edugen technologies Ltd, located at Nsukka, Enugu State, 
Nigeria. The main parameters considered for data collection are 
temperature, irradiance, current and voltage. The duration for 
the data collection is 13hr/daily (6am to 7pm), for 11 months 
(January to November 2023). The main instruments used for the 
data collection are clamp meter, digital mustimeter, Agilent 
34970A data logger and Hp Laptop. Figure 1 shows the 
experimental setup and PV system layout. Figure 1(a) presents 
the experimental setup used for the data collection while the 
Figure 1(b) showed the testbed. In the setup in Figure 1(a), a 
Kipp and Zonen CM11 pyrometer was used to measure solar 
irradiance on the PV panels, while K-type thermocouple was 
used for the measurement of the PV temperature. Both sensors 
feed the collected data to the Agilent 34970A data logger tool 
which records the data and relay to the laptop for analysis. Fault 
condition such as open circuit fault, short circuit fault, earth fault 
and shadow faults were induced manually through to alteration 
of PV array connections as shown in Figure 1b. For instance, 
the open circuit fault was induced through the disconnection of 
PV circuits to create the open circuit voltage and zero current 
which was measured with the data logger tool. Two of the PV 
arrays were connected to the ground to induce earth fault, while 
to induce short circuit fault, one of the panels were disconnected 
and used for this test, by connecting the positive and negative 
terminal together, while the data logger was used to measure the 
I-V characteristics. To simulate shadow fault, part of the panel 
was covered, while the data logger measures the I-V 
characteristics as it fluctuates.  
 

 
(a) 
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(b) 

Figure 1 Experimental Setup and PV System Layout (a) The 
experimental setup used for data measurement (b) Layout of a 
PV power system showing the separation and organization of 
cables from the PV module, and the integrated setup of the 
inverter and battery bank for power conversion, storage, and 
distribution. 
 
B. Modelling of the PV System 

A PV system is made of solar cells which consist of 
semiconductor materials such as silicon. During the operation 
of the system photons from the sun are absorbed by the solar 
cell, creating electron-hole pairs, and producing a potential 
difference across the cell, which, when connected to an external 
circuit, causes current to flow. The behaviour of the solar cell in 
varying temperatures and amounts of sunlight is determined by 
its electrical properties. The electrical behaviour of a PV module 
is typically captured using an equivalent circuit model. This 
model represents the various components of the PV module and 
their interrelationships. Figure 2 illustrates the typical 
components of the equivalent circuit, which include a Series 
Resistance (𝑅௦), a shunt resistance (𝑅௦௛), a diode that represents 
the pn junction (Id), and a current source or photocurrent (𝐼௣௛). 
The current source is in parallel with the diode. Also, 𝑅௦௛and 
𝑅௦ are connected in parallel and series respectively with the 
current source. 

 
Figure 2 Equivalent circuit of PV cell (Livera et al., 2019) 
 
By applying Kirchhoff’s current law in Figure 2, the total PV 
current, I, is given in Equation 1. 
𝐼 = 𝐼௣௛ − 𝐼ௗ − 𝐼௦௛    (1) 
Where the photocurrent (𝐼௣௛) is measured when the photovoltaic 
cell is exposed to incident sunlight. At a given temperature, the 
photocurrent exhibits linear variation and is dependent upon the 
solar irradiance. The non-linear response on the PV cell is 
caused by 𝐼ௗ, an anti-parallel diode current.𝐼௦௛ is the 
representation of the current flowing through the shunt resistor. 
Equation 2 yields the PV current when the expressions for 
𝐼௦௛and 𝐼ௗ in Equation 1 are changed. 

𝐼 = 𝐼௣௛ − 𝐼଴ ቈቊ𝑒
೜(ೇశ಺ೃೄ

)

ಲ಼೅ ቋ − 1቉ −
(௏ା಺ೃೄ

)

ோೞ೓
  (2) 

Where, 𝐼௢ = Module saturation current, V= solar cell voltage, 
A= ideality factor, K= Boltzmann constant, q= electron charge, 
T= temperature of the PV cell. The estimation of the thermal 
voltage of a PV module under partial shading conditions has 
been expressed by Equation 3; 
 

𝑉௧௘ =
(ଶ௏೘೛೛ି௏೚೎)(ூೞ೎ିூ೘೛೛)

ூ೘೛೛ି൫ூೞ೎ିூ೘೛೛൯୍୬(
಺ೞ೎ష಺೘೛೛

಺ೞ೎
)
    (3) 

 

Where, 𝑉௠௣௣=voltage at maximum power point, 𝐼௠௣௣= current 
at the maximum power point, Voc= open circuit voltage, and 
𝐼௦௖=short circuit current. Equation 3 when applied under partial 
shading condition is presented as Equation 4;  
 

𝑉௧௘ =
ேೞ୅୩୘

୯
     (4) 

 

Where, 𝑁௦ is the number of solar cells connected in series, A is 
the diode ideality factor, k is the Boltzmann constant (1.381 ∗
10ିଶଷ𝐽/𝐾) and T is temperature and q = 1.6021 ∗
10ିଵଽ𝐶𝑜𝑙𝑜𝑢𝑚𝑏, is the charge. The PV's photocurrent is 
influenced by both the temperature of the cell and the amount of 
irradiation. Equation 5 provides the photocurrent expression. 

𝐼௣௛ = [𝐼௦௖ + 𝐾௜(𝑇 − 298)]𝑥
ூೝ

ூೝ೚
   (5) 

Where, 𝐾௜= short-circuit current temperature coefficient of cell 
(0.0024); Ir0= solar irradiation constant (1000 W/m2 at Standard 
Reference Condition). The module saturation current (I0) varies 
with the cell temperature, which is given by Equation 6. 

𝐼௢ = 𝐼௥௦[
்

ೝ்
]ଷexp [

௤௫ா೒

௡௞
ቀ

ଵ

்
−

ଵ

ೝ்
ቁ]   (6) 

 
Where, T = PV cell temperature, 𝑇௥ = Standard Reference 
Temperature (𝑇௥= 298 K or 25˚C), 𝐼௥௦= modules reverse 
saturation current, 𝐸௚  = Band gap energy. 
 

𝐸௚ = 𝐸௚଴ − 𝛼
்మ

்ାఉ
= 1.6 − 7.02 𝑥10ିସ[

்మ

்ିଵଵ଴଼
] (7) 



Nwamuo et al. A PHOTOVOLTAIC FAULT MANAGEMENT SYSTEM: AN INTELLIGENT AND CROSS…               146 
 

The modules reverse saturation current (𝐼௥௦) can be expressed 
using Equation 8. 

𝐼௥௦ =
ூೞ೎

௘
೜(ೇశ಺ೃೞ)

೙಼೅
షభ

     (8)  

PV cells are large, grouped units known as PV modules. The 
diodes in these modules are connected in series or parallel to 
form PV arrays, which are used in PV generation systems to 
produce electricity. Figure 3 depicts the equivalent circuit for a 
photovoltaic array. 

 
Figure 3 Equivalent Circuit of Solar Array (Livera et al., 2019) 
 
The solar cells should be arranged in series and shunt 
combinations to maximize the capacity of solar PV systems to 
generate electricity. The relationship between the output 
current and voltage is given as follows Equivalent Circuit of 
Solar Array Ns for the cells connected in series. 

𝐼 = 𝑁௣𝑥𝐼௣௛ − 𝑁௣𝑥𝐼଴𝑥 ቈexp ቆ
௏

ோೞ
ൗ ାூ௫

ோೞ
ே೛

൘

௡௫௏೟೐
ቇ቉ − 𝐼௦௛ (9) 

 

𝐼௦௛ =
௏௫

ே೛
ேೞାூ௫ோೞ

൘

ோ೛
    (10) 

 

The power-voltage (P-V) curve, which depicts the relationship 
between power (P) and voltage (V), can be used to describe the 
power output of a solar cell. The solar cell's power output is 
given by: 
 

𝑃 = 𝑉 ∗ 𝐼     (11) 
 

The maximum power point (MPP) of the solar cell, where the 
power output is maximized, can be calculated as: 
 

𝑃௠௔௫ = 𝐼ௌ஼ ∗ 𝑉ை஼ ∗ 𝐹𝐹    (12) 
 

Where: 𝐼௦௖  is the short circuit current (A), 𝑉ை஼ is the open −
circuit voltage (Volts), FF= the fill factor (dimensionless). 
The Fill Factor (FF) is a measure of the solar cell's efficiency 
in converting sunlight into electricity. It is represented as the 
relationship between the maximum power output and the sum 
of the short- and open-circuit currents. It is given below: 
 

𝐹𝐹 =
ூ೘೛೛௏೘೛೛

ூೄ಴∗௏ೀ಴
     (13) 

 
Sunlight irradiance is the amount of electromagnetic radiation 
power per unit area that is received from the Sun. This parameter 
holds great importance in multiple domains, including 
atmospheric science, climate modelling, and solar energy 
production. An individual's location on Earth, the time of day, 

the season, the state of the atmosphere, and other factors all 
affect how much solar radiation they receive. There are roughly 
1361 watts per square meter (W/m2) of solar radiation that 
reaches Earth's outer atmosphere; this is also referred to as the 
solar constant. However, this value varies slightly due to factors 
such as solar cycles and orbital variations. To calculate solar 
irradiance at a specific location on Earth's surface, several 
factors need to be considered, including the solar zenith angle 
(θ), atmospheric attenuation, and cloud cover. The mathematical 
representation of solar irradiance at a given location and time is 
given as: 
 

𝐼௥ = 𝐼௥௢ . cos(𝜃) 𝑒ିఛ ୡ୭  ( ఏ)⁄    (14) 
 

Where 𝐼௥  = solar irradiance on a horizontal surface at the Earth's 
surface (W/m²), Ir0=solar constant (approximately 1361 W/m²), 
θ=solar zenith angle (the angle between the direction of the Sun 
and the vertical direction), τ =
 the optical depth of the atmosphere. Equation 14 considers 
the attenuation of solar radiation as it passes through the Earth's 
atmosphere. The term 𝑐𝑜𝑠(𝜃) represents the geometrical 
reduction in solar radiation due to the angle of incidence, 
and 𝑒ିఛ ௖௢௦⁄ accounts for atmospheric attenuation. The solar 
zenith angle (θ) varies throughout the day and depends on the 
latitude and time of year. At solar noon (when the Sun is directly 
overhead), the solar zenith angle is 0°, and as the Sun moves 
away from zenith, the solar zenith angle increases. The optical 
depth (τ) accounts for the absorption and scattering of solar 
radiation by atmospheric constituents such as water vapor, 
aerosols, and gases like ozone and carbon dioxide. It varies with 
atmospheric conditions, including air mass, altitude, and the 
presence of clouds and pollutants. 
 

C. Data Preparation and Proposed Feature Extractor 
Model 

The data processing steps on the collected data of PV fault was 
first visualized in excel spreadsheet and then automatically 
fixing feature duplicate issues, then after saving and exported 
into MATLAB environment, Multiple Imputation Approach 
(MIA) (Lee and Yun, 2024; Lee and Jeon, 2009; Lee, 2020) was 
applied to replace missing values. Traditional single imputation 
which used mean, mode or median of the existing values to 
estimate the missing values suffers issues of bias (Lee, 2020) 
and may affect the integrity of the completed data model 
generated. To ensure a more reliable and complete data quality, 
a MIA was adopted due to its ability to estimate multiple single 
imputation values and amalgamate into a unified value to 
replace the missing samples in the dataset. PV data are very 
dynamic (Wang et al., 2016; Mouaad et al., 2024) due to the 
time variant characteristics of current and voltage based on 
several factors such as temperature, irradiance, and diode 
interactions (Ibrahim et al., 2020). In addition, PV fault data are 
heterogeneous, highly dimensional and present a clustering 
similarity problem, which makes it very difficult for learning 
when directly fed to any ML algorithm. Cross Correlation 
Extractor (CCE) (Stähler et al., 2011; Zhang et al., 2012) is a 
feature extraction technique which can measure heterogeneous 
features which are similar, time varying data and hence make it 
suitable as the feature extraction of choice for this work. 
Traditional CCE (Bose et al., 2016; Rafique and Rafique, 2016; 
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Adrian-Martinez and Ardid, 2015; Camachi et al., 2018) despite 
their success may not be able to fully capture the complex 
dependencies in PV fault system under varying conditions, thus 
necessitating the need for an improved adaptive CCE for 
optimal extraction of PV signals. The proposed adaptive CCE is 
made of several components in Figure 4. 

 
Figure 4: Block diagram of the proposed adaptive CCE 
 

 

Figure 4 presents the proposed adaptive CEE components and 
how they interact to extract PV fault data. The Multi 
Resolution Correlation Coefficient (MRCC) is applied for the 
decomposition V(t) and I(t) representing voltage and current 
signals of the PV into multiple cross correlation at each scale 
to capture both global and local patterns using Discrete 
Wavelet Transform (Chen et al., 2017; Begum et al., 2024). 
Let 𝑉௜(𝑡) and 𝐼௜(𝑡) represent voltage and current with their i-th 
coefficient which was transformed with DWT as in Equation 
15 and 16 respectively. 
 

𝑉(𝑡)
𝐷𝑊𝑇

→
 {𝑉௜(𝑡), 𝑉ଶ(𝑡), … … … … . 𝑉௡(𝑡)}  (15) 

 

𝐼(𝑡)
𝐷𝑊𝑇

→
 {𝐼௜(𝑡), 𝐼ଶ(𝑡), … … … … . 𝐼௡(𝑡)}  (16) 

Computing the cross correlation at each scale i is computed as: 

𝐶ெோ஼஼ (௜) =  
௧൫ೇ೔(೟)ష ೇഢේ൯൫಺೔(೟)ష ಺ഢෙ ൯

ට
௧൫ೇ೔(೟)ష ೇഢේ൯

మ
௧൫಺೔(೟)ష ಺ഢෙ ൯

మ
   (17) 

 

Where 𝐼ప
ෙ and 𝑉ప

ෙ  are the mean value of the wavelet coefficient at 
scale 𝑖, which gives the set of MRCC for i as the wavelet 
decomposition. To make the correlation adaptive, external 
factors such as temperature (T) and irradiance (G) are 
considered with adaptive weights 𝛼(𝑡)𝑎𝑛𝑑 𝛽(𝑡) which 
continued to vary based on environmental factors and are 
presented for T and G in Equation 18 and19, while the adaptive 
cross correlation becomes Equation 20. 
 

𝛼(𝑡) =  𝑓1(𝑇(𝑡), 𝐺(𝑡))    (18) 
 

𝛽(𝑡) =  𝑓2(𝑇(𝑡), 𝐺(𝑡))    (19) 

𝐶஺஼஼(𝑡) =  
௧ഀ(೟)൫ೇ(೟)ష ೇෙ൯൫಺(೟)ష ಺ෘ൯

ට௧൫ഀ(೟)ೇ(೟)ష ೇഢේ൯
మ

௧ഁ(೟)൫಺(೟)ష ಺ෘ൯
మ
  (20) 

 

Equation 20 shows the variability of temperature and irradiance 
on the 𝐶ெோ஼஼ (௜). This signal is transformed into nonlinear radial 
kernel function K(x,y), with the nonlinear function for current 
denoted as φ(I(t)) and ᶑ(V(T)) for voltage. Where: 
 

ᶑ(V(t)) = exp −𝛾ห|𝑉(𝑡) − 𝑉(𝑡ᇱ)|ห
ଶ
   (21) 

 

φ(I(t)) = exp −𝛾ห|𝐼(𝑡) − 𝐼(𝑡ᇱ)|ห
ଶ
   (22) 

 

Applying Equations 21 and 22 to Equation 17 produced the 
non-linear cross correlation model in Equation 23. 
 
 

𝐶ே஼஼(𝑡) =  
௧ᶑ൫౒(౪)൯షᶑ(౒(౪)) ෳ ൫಺(೟)ష ಺ෘ൯

ට௧൫ᶑ(౒(౪)) ష ᶑೇෙ൯
మ

௧ಞ൫౅(౪)൯షക(಺)ෳ మ
  (23) 

Equation 23 presents the features of the PV in nonlinear form, 
while to extract the time varying signal as it updated and 
changed continuously, the time lag component τ is introduced 
to Equation 23 to produce Equation 24. 
 
 

𝐶்௅஼஼(𝑡) =  
௧൫౒(౪శಜ)൯ష(౒) ෲ ൫಺(೟)ష ಺ෘ൯

ට௧൫(౒(౪శಜ)) ష ೇෙ൯
మ

௧൫౅(౪)൯ష(಺)ෲ మ
   (24) 

 

Where the optimal time lag is defined as 𝜏∗ =
𝑎𝑟𝑔𝑚𝑎𝑥

𝜏
𝐶்௅஼஼(ఛ). 

Equation 24 computes the cross correlation across different time 
lags to determine the time delay dependences of the current and 
voltage signals. To highlight the signal irregularities which are 
usually caused by fault conditions, the cross entropy or the 
defined as H୴(t) for voltage and H୍(t) for curent were applied 
to determine the weight correlated irregular features as Equation 
25. 
 

𝐶ா஼஼(்) =  
௧൫ౄ౬(౪)(౒((౪)൯ష(౒)ෲ    ౄ౅(౪)൫಺(೟)ష ಺ෘ൯

ට௧൫ౄ౬(౪)(౒(౪)) ష ೇෙ൯
మ

௧ౄ౅(౪)൫౅(౪)൯ష(಺)ෲ మ
  (25) 

Combining the weights 𝑤௡ of the different correlated features 
extracted as in Equation 26 presents the aggregate feature 
vector for the classification of PV fault. 
 
𝐶௙௜௡௔௟ (𝑡) = 𝑤ଵ𝐶ெோ஼஼ (𝑡) +  𝑤ଶ𝐶஺஼஼(்) + 𝑤ଷ𝐶஺஼஼(𝑡) +

 𝑤ସ𝐶்௅஼஼(௧) +  𝑤ହ𝐶ா஼஼(்)    (26) 
 
Algorithm: Proposed adaptive feature extractor  

1. Start  
2. Identify PV I-V characteristics data at t 
3. Decomposition of I-V signal over time (t) and compute 

the 𝐶ெோ஼஼ (௜) 
4. Apply 𝛼(𝑡)𝑎𝑛𝑑𝛽(𝑡) for adaptation of temperature and 

irradiance  
5. Compute the adaptive cross correlation 𝐶஺஼஼(𝑡) 
6. Apply kernel function for signal transformation into 

nonlinear space 
7. Compute the cross-correlation coefficient 𝐶ே஼஼(𝑡) 
8. Introduce the time lag function τ and check for 𝜏∗ =

𝑎𝑟𝑔𝑚𝑎𝑥
𝜏

𝐶்௅஼஼(ఛ) 

9. Compute 𝐶்௅஼஼(𝑡) for 𝜏∗ 
10. Get the entropy H୴(t) and H୍(t); then determine the 

cross weights 𝐶ா஼஼(்) 
11. Combine all correlated feature weights  
12. Return as 𝐶௙௜௡௔௟(𝑡) 
13. End  
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D. The MLP Modelling and Proposed Training Algorithm  
MLP was used for this paper and trained using the feature 
extracted data to generate model for the detection of fault. The 
MLP is made of neurons with input vectors defined as 𝑋 =
[𝑥ଵ, 𝑥ଶ, … … … … 𝑥௡], the sum of the input weights are limited 
with an activation function 𝑓(. ) which in this work we applied 
sigmoid function, while the network after training produced 
target output 𝑌 = [𝑦்ଵ, 𝑦்ଶ, … … … … 𝑦்௡]. Mathematically, 
Bishop (1995) define neural network layer as (𝑛 −
ℎଵ, … ℎ௟ … … … . . ℎ௅೗); where n is the inputs, ℎ௟ is the neurons in 
the 𝑙௧௛ hidden layer. The output of the 𝑗௧௛ neuron from the 𝑙௧௛ 
hidden layer is determined as Equation 27. 
 

∅௝
௟ (𝑥) =  𝑓௝

௟(. ) (∑ 𝑤௝௜
௟ ∅௜

௟ିଵ௛೗
௜ୀ௟

(𝑥))   (27) 
 

Where 𝑓௝
௟(. ) is the 𝑗௧௛ node activation function in the hidden 

layer 𝑙௧௛, the connecting weight 𝑤௝௜
௟  to the hidden layer 𝑗௧௛ with 

𝑖௧௛ neuron in the (𝑙 − 1)௧௛ layer. Lian and Douglas (2015) 
defined the first hidden layer output of 𝑗௧௛neuron as given in 
Equation 28, while the output layer of the 𝑘௧௛ is given in 
Equation 29: 
 

∅௝
௟ (𝑥) =  𝑓௝

௟(. ) (∑ 𝑤௝௜
௟ 𝑥௜  )௡

௜ୀ௟    (28) 

𝑦௞ = 𝑓௞(∑ 𝑤௞௝∅௜
௟௛೗

௜ୀ௟
(𝑥))    (29) 

 

Where 𝑓௞ which is the softmax activation function is connected 
to the output layer and 𝑤௞௝  is weight connecting 𝑘௧௛output node 
with the 𝑗௧௛ node at the last hidden layer.  
Training the neural network involved an optimization process 
using back-propagation algorithm (Hassan et al., 2023; Brochu 
et al., Defazio and Jelassi, 2022; Assran et al., 2019) as one of 
the most popular training algorithms for neural network in 
literature. However, Kayri (2016) revealed that it is slow to 
convergence and has potential for model over-fitting. 
Regularization techniques have been proposed to address 
overfitting (Demuth and Beale, 2000), alongside innovative 
training algorithms such as Bayesian regularization (Garnett, 
2023), advanced RMSprop (Garnett, 2023), Levenberg–
Marquardt (Demuth and Beale, 2000), and Adam (Li et al., 
2023). However, these methods face limitations. Hassan et al. 
(2023) reported challenges such as poor hyperparameter space 
exploration, difficulty due to numerous hyperparameters, 
unreliability with small datasets, and limited adaptability, which 
affect their performance in certain machine learning and deep 
learning applications. To address these challenges and ensure an 

adaptive fault detection model after training, we propose a 
combination of Adam and Bayesian algorithm to formulate a 
hybrid optimization algorithm as shown in Table 1. The 
Bayesian gradient is a probabilistic model which uses Gaussian 
process to estimate the model objective function performance 
and then search for optimal hyper-parameter to minimize loss 
function. However, Li et al. (2023) and Coleman and Zalewski 
(2011) revealed that it can get stuck with local optimal and not 
adaptive. Nevertheless, its fine-tuning capabilities make it 
suitable in this work to improve Adam optimization algorithm 
and generate the proposed hybrid optimization algorithm. The 
new hybrid model for the training process is aimed at improving 
generalization of model, balance exploration and exploitation of 
search space, avoid over fitting and improve model scalability. 
The parameters are learning rate δ, objective function f, 
Ɣ1 is first momentun, Ɣ2 second decay momentum, and bias 
represented as βM୩ for the first momentum and βv୩ for the 
second momentum, θ୩ାଵistheweightupdate, θ୩is the state of 
the model, M୩ is the accelerated momentum with exponential 
weighted gradient, R is the smoothening term, acquisition 
function αi, while v୩ is the is the cumulative square gradient. 
 

Table 1 below presents the proposed hybrid optimization 
algorithm for the training of the MLP. The proposed hybrid 
model was developed with the Bayes and training of the neural 
network was done experimentally using the three different 
training algorithms. The tool used for the training process is the 
MATLAB 2022, using neural network toolbox. The process 
began by coding the proposed algorithms in MATLAB 
environment, then integrating it with neural network toolbox to 
train the MLP using the extracted PV fault data in Equation 28. 
The neural network tool automatically splits the data into 
training, test and validation set respectively in a ratio of 
80:10:10. The training algorithms were carried out 
experimentally as shown in Figure 5, while the neural network 
structure and training parameters were reported in Table 2. 
During the training process, parameters in Equations 30-32 were 
applied to evaluate the model performance, and when the 
stopping criteria (tolerable error) were achieved, the model for 
PV fault prediction was generated. Real data of earth fault, open 
circuit fault, panel fault, short circuit fault, shadow fault were 
uploaded individually to evaluate the model performance. 

 

 
Table 1 Training Algorithms 

Adam Bayesian  Proposed Hybrid optimizer  
1) Input: ɵ, m୭  = 0, V୭  = 0,

Ɣ1, Ɣ2 ∈ [0.1], K = 0, δ, f,  
2) While θ not converged,  
3) Do; 
4) K = k +  1 
5) M୩ = Ɣ1 M୩ − 1  + (1 −

Ɣ1)
ୢ୪

ୢ஘ౡ
 

6) v୩  =  Ɣ2v୩ିଵ  + (1 −

Ɣ2) ቂ
ୢ୪

ୢ஘ౡ
ቃ

ଶ

 

1) Input: 𝑓, hyper parameter space 
𝐻, initial data 𝐷௢ 

2) For i=1…….max_ iteration do 
3) Fit Gaussian process to the data 

𝐷௜  
4) Maximizeα୧over 𝐻 to determine 

new x୧ାଵ ୀୟ୰୥୫୧୬
౮∈ౄα౟ (౮)

 

5) Evaluate score୧ାଵ = f(x୧ାଵ) 
6) UpdateD୧ାଵ=  𝐷௜(x୧, score୧) 
7) End for 

Output (𝑥௠௔௫  score୧) 

1) Initialization of parameters  
2) Set 𝐷௜  =  𝐷௢ for the initial data 
3) For 𝑖=1,………….max iteration do 
4) Fit Gaussian process to the data 𝐷௜  
5) Maximize the acquisition function 

α୧over H to determine new 
x୧ାଵ ୀୟ୰୥୫୧୬

౮∈ౄα౟ (౮)
 

6) While θ not converged, 𝐷௢; 
7) K = k +  1 % increase iteration steps 
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7) βM୩ =
୑ౡ

ଵିƔౡ 

8) βv୩ =
୴ౡ

ଵିƔଵౡ 

9) θ୩ାଵ =  θ୩ −  δ βM୩/

ඥβv୩ +  R 
10) End while 

Output: θ୩ 

8) 
M୩  = Ɣ1 M୩ − 1  + (1 − Ɣ1)

ୢ୪

ୢθౡ

v୩  = Ɣ2v୩ିଵ  + (1 − Ɣ2) ቂ
ୢ୪

ୢθౡ
ቃ

ଶ ቑ 

9) %Update of moment estimates with 
step 8 

10) End 
 

 

The training algorithms were carried out experimentally as 
shown in Figure 5, while the neural network structure and 
training parameters were recorded in Table 2. During the 
training process, parameters in Equations 30-32 were applied to 
evaluate the model performance, and when the stopping criteria 
(tolerable error) were achieved, the model for PV fault 
prediction was generated. Real data of earth fault, open circuit 

fault, panel fault, short circuit fault, shadow fault were uploaded 
individually to evaluate the model performance. 
Figure 5 shows the flow chart applied to generate the model 
for fault detection in the PV system. This model was used to 
develop the flow chart of the fault management system of 
Figure 6. 

 

Table 2: Structure of the Neural Network and the Training Parameters 
Parameters Values Training Parameter Values 
Number of neurons in the input layer 4 Batch size 100 

Number of neurons in the first hidden layer 12 Learning rate 0.001 

Number of neurons in the second hidden layer 18 Regularization strength 0.0001 

Number of neurons in the third hidden layer 32 Epoch size 1000 

Activation function in the hidden layers Tangent hyperbolic Dropout rate 10% 

Number of neurons in the output layer 2 Initial learning rate 0.5 

Activation function in the output layer SoftMax   

Training algorithm Bayes, Adam, Hybrid   

Loss function MSE, RMSE   

Regularization Dropout   

 
 

 

Figure 5: Flow chart for the MLP training  
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Figure 6 Flow chart fault Management 
 
Figure 6 presents the flow chart for fault management. First 
the input data from the PV were identified and the features 
extracted through the proposed cross correlation extractor 
model and then fed to the trained neural network for 
prediction of fault. Upon fault detection, circuit breaker is 
activated which triggers the protection relay to isolate the PV 
components from fault to ensure real-time protection.  
 
 

E. Performance Evaluation  
Fault detection accuracy can be evaluated using real PV fault 
data collected from the testbed and then monitor the 
regression (Habtemariam et al., 2023). The Equation for 
Mean Square Error (MSE), coefficient of determination 𝑅ଶ, 
Mean Absolute Error (MAE),  
 

𝑀𝐴𝐸 =  
ଵ

௡
∑ |𝑦 − 𝑦෬|௡

௜ୀଵ     (30) 

𝑀𝑆𝐸 =  ∑
(௬ି௬෬)మ

ே

௡
௜ୀଵ     (31) 

𝑅ଶ = 1 −  
௡

௜ୀଵ
(௬೔ି ௬ഢෞ)మ

௡
௜ୀଵ

(௬೔ି௬ු)మ
    (32)  

Where y is the fault dataset extracted with cross 
correlations, 𝑦෬ is the predicted fault data, N is the 
overall observation applied to train the model, and  𝑦ூෝ  
is the mean actual values. 
 
IV.  RESULTS AND DISCUSSIONS 
The results of the neural network training were discussed in 
this section considering the RMSE, MSE, and 

𝑅ଶrespectively as reported. Figure 7-9 presents the MSE 
results for the three respective training algorithms during 
validation with real data of PV fault. Figure 7 shows the MSE 
with Adam optimization, reporting MSE of 9.6795e-11, while 
the MSE with Bayes reported 2.2285e-11 in Figure 8 and 
MSE with hybrid optimization algorithm reported 9.3103e-14 
in Figure 9. Table 3 summarizes the performance of the 
trained neural network. Figure 6: Flow chat for fault 
management system  
 

 
Figure 7 MSE with Adam 
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Figure 8: MSE with Hybrid algorithm 

 
 

Table 3 reports the performance of the PV fault detection 
model generated for early fault management. The results show 
the three different training algorithms employed to train the 
MLP and their respective performances. The result showed 
that overall, the three-training algorithm recorded MSE values 
which are acceptable as they all indicated minimal loss. The 
RMSE also recorded similar results for the three different 
algorithms, implying minimal error when the actual value was 
matched with the predicted values of PV fault data. The 𝑅ଶ 
also indicated the success of fitness between the true PV fault 
data and the predicted PV fault data. Overall, the results for the 

Bayesian optimizer are (2.2285e-11 for MSE, 4.72069e-6 for 
RMSE and 0.9704 for 𝑅ଶ). Adam reported (9.6795e-11 for 
MSE, 9.838445e-6 for RMSE and 0.9789 for R), while the 
proposed hybrid optimization algorithm reported 9.3103e-14 
for MSE, 3.051278e-7 for RMSE and 0.9894 for 𝑅ଶ. After 
training the model, several test data which was obtained during 
fault condition of the testbed were loaded into the neural 
network tool to test the model again. The results were recorded 
in Tables 4-7. 
 

 

 
 
 
 
 
 
 

Table 7 Open circuit fault 
Parameters  Bayesian  Adam Hybrid 

optimization  
MSE 3.654e-5 9.7545e-7 9.5673e-9 

RMSE 0.00614 9.8766e-4 9.7818e-5 
𝑅ଶ  0.9756 0.9635 0.9824 

 

Table 4 Shadow Fault 
Parameters Bayesian Adam Hybrid 

Optimization 
MSE 3.6458e-9 9.6435e-9 11.3103e-13 

RMSE 6.0380e-5 9.8201e-5 1.06343e-6 

𝑅ଶ  0.9573 0.9664 0.9858 

 

Table 5 Short Circuit Fault 
Parameters  Bayesian  Adam Hybrid 

optimization  
MSE 2.2285e-7 9.6795e-7 9.3103e-11 
RMSE 4.7206e-6 9.8384e-6 3.05129e-7 

𝑅ଶ  0.95333 0.9537 0.9743 

 

Table 6 Earth fault  
Parameters  Bayesian  Adam Hybrid 

optimization 
MSE 2.7653e-5 9.8832e-5 7.6563e-8 
RMSE 5.2586e-6 9.3978e-6 2.76703e-7 

𝑅ଶ  0.9623 0.9657 0.9854 
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Table 4-7 records the test results of the trained model with 
fault data collected from the testbed. The results in Table 4 
reported the MSE, 𝑅ଶ and RMSE when tested with shadow 
fault. In these results, the data obtained when part of the 
panel was covered was applied to test the model. The results 
show that for Bayes (MSE is 3.6458e-9, RMSE is 6.0380e-5 
and 𝑅ଶ is 0.9573), for Adam the MSE is 9.6435e-9, RMSE 
is 9.8201e-5 and 𝑅ଶ  is 0.9664, while hybrid optimization 
algorithm reports MSE of 11.3103e-13, RMSE of 1.06343e-

6 and 𝑅ଶ  of 0.9858 respectively. The model prediction 
performance for short circuit fault in Table 5 considering 
MSE with Bayes reported 2.2285e-7, RMSE of 4.7206e-6 
and 𝑅ଶ of 0.95333. When tested with Adam generated 
model the RMSE reported 9.8384e-6, MSE is 9.6795e-7 and 
𝑅ଶ  is 0.9537, while with the hybrid algorithm reported 
MSE of 9.3103e-11, RMSE of 3.05129e-7 and 𝑅ଶ of 0.9743. 
Table 6 reported results of earth fault with Bayes for MSE 
as 2.7653e-5, RMSE as 5.2586e-6 and 𝑅ଶ as 0.9623. Adam 
optimization algorithm reported MSE of 9.8832e-5, RMSE 
of 9.3978e-6 and 𝑅ଶ of 0.9657.  
 

Hybrid optimization algorithm when tested with 
earth fault reported MSE of 7.6563e-8, RMSE of 2.76703e-

7 and 𝑅ଶ of 0.9854. Table 7 reported the testing result for 
Bayesian MSE at 3.654e-5, RMSE at 0.00614 and 𝑅ଶ of 
0.9756. Adam reported MSE of 9.7545e-7, RMSE of 
9.8766e-4 and 𝑅ଶ of 0.9635, while Hybrid optimization 
reported MSE of 9.5673e-9, RMSE of 9.7818e-5 and 𝑅ଶ  of 
0.9824. The percentage reduction in MSE with hybrid 
optimization is 99.96%. The absolute difference in the 𝑅ଶ 
considering open circuit fault with Adam against hybrid is 
0.0189 while percentage improvement is 1.96%. For RMSE 
considering earth fault, the hybrid optimization recorded 
19.01 times less error compared with Bayesian, while the 
percentage reduction in error for open circuit fault with 
hybrid optimization against Adam reported 90.94%. These 
results has consistently shown that the hybrid optimization 
training algorithm recorded less error and better 
improvement in correctly predicting different classes of 
faults in PV system. The average overall 𝑅ଶ  for Bayesian 
is 0.9621; Adam is 0.9625 and hybrid 0.9820, the average 
percentage improvement with hybrid recorded 2.07% 
against Bayesian and 2.03% against Adam. 
 

V.  CONCLUSION  
Sustainable energy takes more than just the availability of 
power but also considers reliability and efficiency. Over 
time, fault has remained a major challenge to achieve this 
goal of sustainable power supply with PV, and the easy 
approach to manage the problem is through early detection 
and control. This paper has trained MLP neural network to 
generate a fault classification model which was applied to 
develop a model for the detection and management of fault 
in 4.2kW PV power system. This was achieved through data 
collection of different PV fault scenarios. The data were 
extracted using cross correlation approach and then applied 
to train a MLP neural network using Bayesian, Adam and 
proposed hybrid optimization algorithms. Three fault 
prediction models were generated and compared across 
different fault sample data. The results obtained showed 
hybrid optimization algorithm produced the most suitable 
model for PV fault prediction. 
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