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Abstract 

This article addresses the problem of fault early detection in photovoltaic systems. In the production field, 

solar power plants consist of many photovoltaic arrays, which may suffer from many different types of 

malfunctions over time. Hence, fault early detection before it affects PV systems and leads to a full system 

failure is essential to monitor these systems. The fields of control and monitoring of systems have been 

extensively approached by many researchers using various fault detection methods. Despite all this research, 

to early detect and locate faults in a very large photovoltaic power plant, we must, in particular, think of an 

effective method that allows us to do so at the lowest costs and time. Thus, we propose a new robust technique 

based on the inverse of the belonging individual Gaussian probability (IBIGP) to early detect and locate faults 

in the power curve as well as in the Infrared image of the photovoltaic systems. While most fault detection 

methods are well incorporated in other domains, the IBIGP technique is still in its infancy in the photovoltaic 

field. We will show, however, in this work that the IBIGP technique is a very promising tool for fault early 

detection enhancement. 
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1. INTRODUCTION  

 

Energy needs have become one of the biggest 

challenges for governments worldwide, where it 

continues to grow [1, 2]. Most energy production 

comes from fossil sources, and the consumption of 

these sources leads to an increase in gas emissions, 

which leads to an increase in global warming [3]. In 

addition, the excessive consumption of stocks of 

natural resources reduces it, which is dangerous for 

future generations. Therefore, considering other 

clean, renewable energy sources has become an 

urgent necessity [4].  

Renewable energies are promising solutions [5] 

to compete with mass energies such as fossil and 

nuclear energies. Among renewable energies, 

photovoltaic energy is one of the most importantly 

free and cleans resources [6]. The PV market has 

witnessed remarkable growth in recent years [7]. 

However, like all other industrial systems, PV 

systems can be exposed to various malfunctions 

during their operation, and many different types of 

faults may occur during their operation over time and 

could lead to a loss in the produced energy and, thus, 

its low yield. In particular, Hot spots, Encapsulation 

faults, Cell cracking, Damaged interconnection, 
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Breakdowns at the junction box, Bypass diode, 

Shade faults, short circuits, Ground faults, Open 

circuit faults, Line-line faults, MPPT and inverter 

faults, DC-DC Converter Faults and the Battery bank 

failures are worthy of mention because of their 

multiple effects on the above-mentioned systems. 

Any of these faults lead to a decrease in system 

performance, sometimes even total damage to the 

system, and thus a lack of energy [8, 9, 10]. 

Moreover, decreasing the profit of the installation, 

not to mention the maintenance cost to restore the 

system to normal condition. 

In the literature, the fields of control and 

monitoring of photovoltaic systems have been 

addressed by many researchers using various 

methods, such as methods based on Electrical circuit 

simulation, Predictive models and comparison with 

real models, Statistical and Signal Processing-Based 

Techniques, Electrical signal approaches, 

Reflectometry Based Techniques, Artificial 

intelligence, power loss analyses, a method based on 

I-V characteristics, Imagery infra-rouge, [11, 12, 13, 

14, 15]. In this work, we are particularly interested 

in early detecting and locating faults in photovoltaic 

systems in a solar power plant consisting of a large 

number of photovoltaic arrays. Early detection is 
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crucial for avoiding further deterioration as well as 

photovoltaic system failure. We develop, therefore 

in this work, a very robust and efficient algorithm 

based on the inverse of the belonging individual 

Gaussian probability (IBIGP) technique applied to 

the power signal and infrared image of the 

photovoltaic system to early detect faults.  

This work may be divided into three main 

sections: the first part describes in detail the IBIGP 

proposed algorithm, the second section deals with 

the application of this algorithm to the PV panel 

power curve to detect any abnormal system 

component behaviour, and the last, and may be the 

most important part, consists in the application of the 

IBIGP algorithm to the PV panel infra-red image to 

detect early micro-cracks.  

 

2. MATERIALS AND METHODS  

 

2.1. Experimental materials 

The experimental measurements were carried out 

in Renewable Energy Research Unit in the Saharan 

Region (URER.MS), in Adrar, Southern Algeria.  

Adrar is an excellent region for the installation of 

a photovoltaic station, thanks to their sunshine 

almost all year round and rare rainfall [16].  

The photovoltaic plant station consists of 10 SM-

250Wp silicon mono-crystalline solar modules 

installed at 28.88°S angle and an inverter Sunny Boy 

SB 2500. As shown in the following Fig. 1 [17]. 

 

 
Fig. 1. ThePV system installation: (a) The 2.5 kW PV 

array, (b) inverter Sunny Boy SB 2500. 

 

- Infrared thermal camera Flir T440 (320 x 240) (76 

800 pixels) from 20 to 1200°C used for detecting the 

faults as a micro crack and all types of hot spot faults  

 

2.2. IBIGP algorithm-based fault detection 

Fault detection is primarily the first step before 

fault diagnosis. It mainly detects the changes that 

may indicate the presence of faults in the system. 

The detection technique, proposed in this work, 

follows a similar framework as the existing methods 

for fault detection: they characterize the normal 

behaviour of a system, and identify any significant 

changes from this normal and consider them as 

faults. More importantly is, however, the early 

detection of incipient faults which is extremely vital 

for the safety of the system as well as efficient 

implementation of a condition-based maintenance 

system. More accurate and robust algorithm for 

faults early detection in a photovoltaic system is, 

therefore, crucial for enhancing the safety and 

reliability of the system. We have, thus, suggested a 

very efficient algorithm based on the Inverse of the 

belonging Individual Gaussian Probability (IBIGP) 

for fault early detection. The strength of this 

technique is its ability to very early detect faults 

compared to the existing methods in the literature.  

 

Fig. 2. The Infrared thermal camera Flir T440 

 

First, we have to stress on the fact that the main 

idea of our IBIGP algorithm is to consider any fault 

(change) as a rare event compared to the normal 

behavior of the photovoltaic systems, and, hence, its 

probability given by equation (1) below, to belong to 

normal behavior should be very small. So, by 

inversing the probabilities of the abnormal behavior 

data, we obtain very big probability inverse values 

(2) corresponding to rare events (Faults). This IBIGP 

algorithm is described in the following; 

First, we start by searching an adequate Gaussian 

white noise (GWN) [18] to fit the non-faulted 

(normal) signal (or image) behavior. However, since 

the whole signal (or image) is often not stationary, 

we segment it into small enough stationary intervals. 

Each of the latter will be, then, represented be an 

appropriate GWN. Once the optimal GWN for the 

normal signal/image is determined, we use its 

parameters (i.e.; variance and mean [19]) to compute 

the individual probability of each interval value of 

the abnormal (faulted) signal/image. Finally, we 

compute the inverse of these probabilities to obtain 

the IBIGP representation for fault early detection. In 

summary, this IBIGP algorithm steps are described 

as follows; 

The Gaussian probability law is given by 

P =
1

σ√2π
 exp [−

(x −m )2

2. σ2
]                  (1) 

And its inverse is the following 

1

P
= σ√2π exp [

(x − m )2

2. σ2
]                       (2) 

Where, 
2 is the variance and m  is the average. 

1 - Segment the signal (or each matrix line of the 

image) into small enough stationary segments 

2 - Compute the parameters (means and 

variances) of each of these normal segments using 

equations (3) and (4) below to represent each of them 

by a corresponding GWN model [20, 21]. 
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σ
∧

i
2 =

1

L
∑ (Ŵi

l−1

n=l−L

(n) − m
∧

i )
2                         (3) 

m
∧

i =
1

L
∑ Ŵi

l−1

n=l−L

(n)                                           (4) 

Where m
∧

i and σ
∧

i
2 are the estimated average and 

variance of each resulting power interval  i  . 

)1(),...,( ˆˆ −− lLl ii WW
 

Are the values of the 

)...2,1( Iiith =  power interval, L  is the interval 

length and Lil .= . 

3 - Use these two estimated parameters  
i

m̂  and 

σ
∧

i
2 to reconstruct each normal GWN interval as 

follows; 

Ŵri = σ̂i ∗ rand(1, L, ′n′) + m̂i                        (5) 
Where )'',,1( nLrand is a function built into 

Scilab software to generate Gaussian white noise of 

L samples. 

4- Then aggregate these segments to reconstruct 

the entire power signal/image GWN model and then 

check the accuracy by comparing the reconstructed 

signal/image to the real signal/image by using the 

mean squared error (MSE).  If the reconstruction is 

reasonable, save the GWN parameters, else, 

gradually reduce the segment length and return to 

step 2. 

This process is repeated from step 2 to step 4 until 

an acceptable reconstruction corresponding to an 

MSE less than 0.01 is achieved. 

5- Once an acceptable reconstruction is achieved, 

compute the inverse of the probability of each 

abnormal interval using the normal interval GWN 

parameters (
i

m̂ and
i

̂ ) in equation (2) to obtain the 

IBIGP representation. 

 

3. RESULTS AND DUSCUSSION  

 

3.1. Application of the (IBIGP) technique to faults 

early detection in the power signal curve 

Figure (3) shows the average power signal provided 

by 10 panels for ten days. This curve represents the 

power without fault during July 

The whole non-faulted power signal is shown in 

figure (3) and part of it, ranging from 300mn to 

510mn corresponding to high power values, is 

shown in figure (4a). The faulted signal in the same 

range with two deliberate faults is illustrated in 

figure (4b). As it is observed by direct comparison, 

there is only one major change indicated by one peak 

down in figure (4b) whereas the second, 

corresponding to incipient fault, is smeared out or 

bathed in the signal. However, the results of the 

IBIGP algorithm illustrated in figure (5c) show 

clearly the presence of two major changes indicated 

by the two very pronounced peaks up in the IBIGP 

curve. Hence, the IBIGP technique makes the faults 

much more visible than the direct comparison of two 

curves.  

 
Fig. 3. Average power signal given by 20 panels. 

 
Fig. 4. a) Normal power signal (non-faulted), b) 

Faulted power signal. 

 

3.2. Application of the (IBIGP) technique to faults 

early detection in the panel infra-red image 

One of the most consequential damages to the 

panels is the micro-crack and the hot spot. These 

types of faults are usually caused either by shocks 

during their fabrication, transportation, or simply 

during their installation. If not detected early, it will 

lead more often to an enormous decrease in the PV 

module's performance over time. In general, faults 

may cause the cells to rise to undesired high 

temperatures, which can cause the panel glass to 

break due to stress caused by thermal expansion. 

Consequently, the panels may not be able to 

maintain their intended functionality. Faults, 

particularly in a large power plant, are often hard to 

locate but could be detected using an infrared image 

of the PV panel. 
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Fig. 5. a) non-faulted power signal and (b) faulted power 

signal, c) IBIGP of the faulted signal: Two separated and 

very pronounced peaks indicating the two faults 

 

Fig. 6. Infrared image models without faults 

 

 

Fig. 7. Infrared image with two defects 

 

 

Fig. 8. IBIGP image: two bright spots representing 

 two defects 

 

The non-defected panel’s infra-red image is 

illustrated in figure (6), and the defected panel infra-

red image with two deliberate defects, is illustrated 

in figure (7). As it can be seen, these two defects are 

very hard to detect by just a simple comparison of 

the two infra-red images. Particularly in many 

photovoltaic arrays, it is a difficult task. In figure (8), 

after the Application of the (IBIGP) technique, the 

image shows clearly, however, the presence and the 

localisation of two bright spots. The latter represent 

the two defects that were incorporated deliberately 

in the photovoltaic panels to test the IBIGP detection 

quality. 

 

4. CONCLUSION 

 

This paper has proposed a technique based on the 

inverse of the individual Gaussian probability 

(IBIGP) to mitigate fault early detection and location 

in photovoltaic systems without too much computing 

complexity. We have shown that IBIGP applied to 

the power signal provided by the photovoltaic 

systems can detect very efficiently early 

irregularities such as pronounced peaks representing 

faults in the system. We have, furthermore, shown 

that the IBIGP is capable of detecting even those 

very tiny micro-cracks and the smallest hot spots in 

the PV panel infra-red image. In addition to the 

ability to detect faults, we have also shown that a 

major advantage of the IBIGP technique using a 

photovoltaic panel infrared image is that it allows 

greater memory storage than an image direct 

comparison. The IBIGP technique is, therefore, a 

very promising technique for faults early detection 

in photovoltaic systems; and can be considered as a 

very important step towards a better fault detection 

enhancement. 

As a recommendation in this area is hybridization 

between this algorithm and another method for fault 

classification. 
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