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Abstract: A fault diagnosis method for photovoltaic arrays based on Support Vector Machines (SVM) is proposed to address 
four typical faults of photovoltaic arrays (short-circuit, open-circuit, aging, shadowing). MATLAB is used to simulate the faults 
in the photovoltaic array, obtaining four characteristic parameters under different faults: short-circuit current (Isc), open-circuit 
voltage (Uoc), current at the maximum power point (Im), and voltage at the maximum power point (Um). These parameters are 
used as training samples to establish a classification model through the SVM algorithm for training and verification. Simulation 
results show that this method can accurately diagnose the typical faults of the photovoltaic array, and the fault diagnosis accuracy 
is high. 

Keywords: Photovoltaic array; Support vector machine; Fault diagnosis. 
 

1. Introduction 
With the rapid development and widespread application of 

solar power generation technology, the monitoring and fault 
diagnosis of photovoltaic arrays, which are a crucial part of 
photovoltaic power generation systems, have become 
particularly important. Due to the characteristics of the 
photovoltaic modules themselves and their constant exposure 
to harsh environments, they are prone to faults such as short-
circuits, open-circuits, and aging. These not only affect the 
lifespan of the photovoltaic modules but also severely damage 
the power generation efficiency of the photovoltaic power 
station. Therefore, quickly and accurately detecting and 
diagnosing faults in photovoltaic arrays is crucial for 
improving power generation efficiency and reducing 
unnecessary losses [1]. 

In response to the direct current side fault problem of 
photovoltaic arrays, scholars from home and abroad have 
proposed numerous solutions, which are mainly divided into 
traditional diagnostic methods and intelligent diagnostic 
methods. In terms of traditional diagnostic methods, Peizhen 
Wang and others proposed a method for diagnosing faults in 
photovoltaic arrays using infrared imaging [2]. However, the 
infrared imaging equipment required by this method is 
expensive and not suitable for use in large-scale photovoltaic 
power stations. In addition, some scholars have proposed 
multi-sensor detection methods and ground capacitance 
measurement methods, but both of these methods are offline 
detection, which severely reduces the efficiency of 
photovoltaic power generation. In terms of intelligent 
diagnostic methods, researchers such as Yuanzhang Wang [3] 
and Guangyu Liu [4] have attempted to diagnose faults in 
photovoltaic arrays using neural network models. However, 
neural network algorithms have disadvantages such as 
randomness, non-replicability, and slow convergence speed, 
so they are not suitable for quick and stable fault diagnosis of 
photovoltaic arrays. 

Support Vector Machine (SVM) is based on the principle 
of structural risk minimization, aiming to improve the 
generalization ability of the classification model. This method 

has been widely used in various fields such as pattern 
recognition, real-time prediction, and fault diagnosis [5-6]. In 
this paper, MATLAB is used to simulate the faults of 
photovoltaic arrays to obtain the characteristic parameters of 
the photovoltaic power station during operation. These 
parameters are used for fault diagnosis of the uninterrupted 
operation of the power station after model training. The 
experimental results fully verify that the method proposed in 
this paper has excellent recognition capabilities under various 
fault conditions and is a practical fault diagnosis method. 

2. Fault Detection Method Based on 
SVM 

2.1. The principle of SVM 
Support Vector Machine (SVM) can effectively solve 

practical problems such as small sample size, non-linear 
regression, and local minima. It uses kernel functions to map 
sample data to high-dimensional space for linear regression 
processing. The principle is shown in Figure 1. 

 

 
Figure 1. Support Vector Machine binary classification diagram 

 

The circles and triangles represent two different types of 
samples. In the case of linear separability, the two types of 
samples can be easily divided into positive and negative 
categories. The solid line is the dividing line between the two 
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types of samples, that is, the hyperplane; the two dashed lines 
respectively correspond to the two planes that pass through 
the two types of samples and are closest to the hyperplane, 
and the interval between them is the classification interval; 
the sample data on the dashed line is the support vector of the 
problem to be classified. The core principle of SVM is to find 
an optimal classification hyperplane to minimize the 
classification error rate and maximize the classification 
interval. 

Assume a linearly separable training sample dataset xi and 
fault class yi. The classification hyperplane is w·x+b=0, and 
finding the optimal hyperplane can be achieved by converting 
it to the constraint problem of finding (1) : 
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Where: w is the weight vector of the hyperplane; b is offset. 

In practical problems, linear inseparability will be 
encountered, which may cause hard interval classification 
failure, so relaxation variable    is introduced to relax the 
constraints and allow some data sample points to exceed the 
classification plane. At the same time, a non-negative penalty 
factor C is introduced to constrain   to ensure the accuracy 
of classification. 

By introducing Lagrange function, the quadratic 
programming problem is transformed into the dual problem 
of formula (2) : 
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Where:   is a Lagrange multiplier. If the training sample 

data set is nonlinear and indivisible, in order to obtain 
accurate classification results, the training sample in the 
original space should be mapped to a high-dimensional space. 
The final optimal classification surface function is expressed 
as formula (3) : 
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Where:  ,i jk x x  is the kernel function. This will directly 

affect the performance of SVM and determine the accuracy of 
classification. Commonly used kernel functions include 
sigmod kernel function and Gaussian kernel function radial 
basis kernel function (RBF). Because RBF kernel function 
has good performance [7], this paper chooses RBF kernel 
function as the kernel function of support vector machine. 

2.2. Fault monitoring methods are introduced 
The schematic diagram of fault detection method is shown 

in Figure 2, which is divided into two parts: model 
construction and fault diagnosis. 

Stage 1: Model construction. Firstly, the training set data is 
collected, which includes the characteristic parameters 
operating under different fault states, and then the data is 
normalized for the training of the diagnostic model. 

Stage 2: fault diagnosis: collect the characteristic 
parameters of MATLAB simulation, input the data into the 
model constructed in stage 1 after normalization processing 
for state discrimination, and output the discrimination results 
after processing by the state decision module for state output, 
the output result is the final result of the fault diagnosis 
method. 

 

 
Figure 2. Fault diagnosis method diagram 

3. Photovoltaic Array Fault Analysis 

3.1. Fault sample extraction of photovoltaic 
array 

In order to study the fault diagnosis of photovoltaic array, 
this paper uses MATLAB/Simulink software to build a 
simulation model [8]. Specifically, a simulation model of a 
photovoltaic array with 4 rows and 3 columns in series and 
parallel structure was established to simulate the operation of 
the actual photovoltaic power generation system under the 
1000W/m2 light intensity and 25℃ temperature reference 
standard [9]. As is shown in Figure 3. 

 

 
Figure 3. Pv array fault simulation 

 

After the photovoltaic array is built, the series resistance is 
used to simulate the aging fault. Shading fault is simulated by 
reducing light intensity. The short-circuit fault is simulated by 
shorting the positive and negative electrodes of the 
photovoltaic cell. The open circuit fault is simulated by 
cutting the connection wire [10], and I-U and P-U curves 
under different operating states are obtained through 
simulation, as shown in Figure 4 
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Figure 4. The output I-U and P-U characteristic curves of the photovoltaic array 

 

As can be seen from Figure 4, compared with the normal 
operation of photovoltaic modules, the open circuit voltage 
Uoc will decrease significantly when a component is short-
circuited, while the short-circuit current Isc will remain 
unchanged. When an open circuit fault occurs, the short 
circuit current Isc of the PV array decreases obviously. When 
the abnormal aging fault occurs, the output voltage of the 
array is between the output voltage of the short-circuit fault 
with the same number of fault components and the output 
voltage of the normal operating state. When the local shadow 
fault occurs, the I-U characteristic curve presents a stepped 
change, and the P-U characteristic curve presents a "multi-
peak" phenomenon, and the voltage Um at the maximum 
power point of the photovoltaic array decreases obviously. 
Therefore, short-circuit current Isc, open circuit voltage Uoc, 
maximum power point current Im and maximum power point 
voltage Um are selected as input values to accurately 
distinguish these four fault types. 

3.2. Classification of fault samples 
Through simulation in MATLAB, four characteristic 

parameters, Isc, Uoc, Im, and Um, were obtained and used as 
training samples for fault diagnosis of photovoltaic arrays. 
950 sets of data were selected from these, and 750 sets were 
randomly chosen as training samples for the Support Vector 
Machine. The remaining 200 sets were used as test data, as 
shown in Table 1. 

Table 1. Sample classification 

Operating 
status 

Training 
samples/groups 

Testing 
samples/groups 

Normal 
condition 

150 40 

short circuit 
fault 

150 40 

open circuit 
fault 

150 40 

aging fault 150 40 
Partial 

shading fault 
150 40 

4. Simulation Experiment Analysis 

4.1. Parameter setting 
When training the diagnostic model with sample data using 

SVM, there are strict requirements for the selection of the 
kernel function and the setting of the penalty factor. After 
multiple experiments, this paper selects the optimal penalty 
factor (C) as 3.6, and the optimal kernel function (g) as 0.01. 
As can be seen from Figure 5, the fitness value is 8.902e-08 
and tends to stabilize at the 300th iteration. 
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Figure 5. Fitness curve 

4.2. SVM diagnostic results 
The SVM photovoltaic array fault diagnosis model 

proposed in this paper, after being trained with 750 sets of 
fault training data, predicts the accuracy of 200 sets of test 
data. The fault values on the y-axis correspond to the 
photovoltaic array operating in normal state, short circuit fault, 
open circuit fault, aging fault, and local shadow fault. The red 
stars represent the true values of the actual fault types, and the 
blue circles represent the predicted values of the predicted 
fault types. When the two coincide, it indicates a correct 
diagnosis; otherwise, it indicates a wrong diagnosis. 186 sets 
were correctly classified, with an accuracy of 93%. The 
classification results are shown in Figure 6. 

 

 
Figure 6. Classification results 

5. Conclusion  
The simulation results show that the photovoltaic array 

fault diagnosis method based on SVM proposed in this paper 
can not only accurately classify the four types of faults in the 
photovoltaic array, especially the short circuit fault, open 
circuit fault, and local shadow fault, which can be predicted 
with 100% accuracy, but also has a faster convergence speed. 
Therefore, this method has certain research value for 
improving the fault detection technology of photovoltaic 
arrays. It is of great significance for achieving reliable supply 
of sustainable energy. 
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