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Abstract 

With the global increase of photovoltaic (PV) modules deployment in 

recent years, monitoring techniques to ensure a safe and healthy operation have 

become crucial. Despite PV modules being considered reliable devices, failures 

and extreme degradations often occur. They have been frequently classified into 

two categories: optical and electrical.  

Of optical failures, degradation of the ethylene-vinyl acetate (EVA) 

encapsulant due to prolonged ultra-violet (UV) exposure and other 

environmental stress factors, such as temperature and humidity, is the most 

common failure. 

Conversely, electrical failures are linked to low shunt resistance (Rsh). 

Unidentified degradation mechanisms in these categories lead to catastrophic 

failure. The objective of this dissertation is to find comprehensive techniques 

to predict and detect these degradations at the initial stages. This can be 

achieved by continuously monitoring the current-voltage (I-V) curve 

parameters of the solar cell, from healthy-state (no degradation) to failure-state 

(critical degradation). The EVA degradation research was accomplished using 

an electrical circuit simulator (SPICE) to simulate an experimental result. In 

addition to simulations, experiments were performed to artificially lower the 

solar cell shunt resistance.       

The effect of EVA and shunt resistance degradations on solar cells’ major 

parameters; maximum power output (Pmax), short-circuit current (ISC), open-

circuit voltage (VOC), and fill factor were analysed. As a result, novel linear 

models were developed and proposed as strong predictors and observers, and 

also are suitable for implementation in online monitoring systems for 

operational PV modules. Training a machine learning model to classify 

degradation mechanisms was also shown effective. Corrections should be made 

if critical degradation is detected. Aside from the potential risks to the PV 

system, the thesis showed that replacing a degraded PV module is cost-effective 

before the critical degradation state.
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1. Chapter 1| Introduction  
_________________________________________________________________ 

1.1 Introduction   
 

       Among different renewable energy sources available on earth, solar energy is 

the most prevalent renewable source in most regions of the world due to its cost-

effective applications and installation simplicity [1]. The cost of photovoltaic (PV) 

systems has declined rapidly over time [2]. For example, Germany's PV investment 

for a 10 kW system dropped by nearly 92.6% from €14000 to €1036 per kW 

between 1990 and 2020 [3]. In the U.S, the wholesale price for multi-crystalline 

modules remarkably dropped by 95% between 2008 and 2018. Figure 1.1 shows 

the average annual addition of solar energy over other renewable energy sources 

for the past three years. 

Figure 1.1 Average annual renewable capacity addition of renewable energy 

sources between 2019 and 2021[4]. 
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        Radiation from the sun, which peaks at noon, produces photons absorbed by 

a 𝑝 − 𝑛 junction semiconductor and converted into charges to produce electrical 

energy. Figure 1.2 shows the equivalent circuit of the solar cell’s single diode 

model, demonstrating the solar cell’s working principle. (Iph) and (D1) are the 

generated currents by the solar spectrum and the first saturation current, 

respectively, calculated in ampere. (Rs) is the series resistance that existed due to 

(a) semiconductor material resistivity, (b) metal contact interface with 

semiconductor resistance, and the contact resistance [5]. On the other hand, (Rsh) 

symbolises the shunt resistance due to the photo-current losses. The higher the 

shunt resistance, the fewer photo-currents being lost [6], both Rs and Rsh are 

calculated in Ω multiplied by the surface area of the cell in cm 2. V is the voltage 

of the solar cell calculated in volts [7].    

Figure 1.2 Equivalent circuit of a single diode model of the solar cell. 

         The solar spectrum consists of light having wavelengths of varying intensity. 

The solar spectrum is typically divided into three wavelength regions: ultra-violet 

(UV) with a wavelength range from 300 nm to 400 nm, visible with a wavelength 

range from 400 nm to 700 nm, and from 700 nm to 1150 nm of a wavelength 

range is infrared. Some of which can be absorbed by PV cell, which is designed to 

convert the solar spectrum wavelength into electrical energy. It was enhanced in 

1954 at Bell laboratory by Chapin et al. [8, 9]. Absorbed light that is not converted 
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into captured charges is dissipated as heat, leading to an increase in the operating 

temperature of the PV cell. 

     The conversion efficiency of the solar cell has progressed rapidly [10]; 

nowadays, it converts nearly 26% of the solar spectrum within the wavelength 

range from 350 nm  to 1140 nm  into electrical energy [11]. Due to this rapid 

advancement in solar efficiency, there was 760 GW of new installed photovoltaic 

PV capacity worldwide at the end of 2020 [12]. Figure 1.3 shows the installed 

capacity of PV in the year 2020. 

Figure 1.3 Worldwide installed capacity of PV in 2020 [13]. 

     Solar cells are typically connected in series to maximise the voltage output. 

After being serially connected, they are packaged into modules covered by 

tempered glass. A polymer layer, called the encapsulant, is also used between the 

solar cells and the tempered glass to increase light absorption and reduce light 

reflection [14, 15].   

     Several different materials have been used as encapsulants for photovoltaic 

modules, including thermoplastic polyurethane (TPU) and polydimethylsiloxane 
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(PDMS) [15-18]. The latter is superior to other encapsulants when it comes to 

immunity against environmental stress and UV radiation. For this reason, it was 

used in the early development of PV encapsulation [19]. Modern alternative 

encapsulants include Ionomers (DuPont) that are claimed to have up to 25 times 

the effectiveness of ethylene-vinyl acetate (EVA) in preventing potential induced 

degradation and polyolefins (Dow Chemicals) that offer claims of superior 

electrical resistance and moisture rejection than either EVA or ionomers [20, 21]. 

However, a trade-off between cost and immunity from environmental stress has 

favoured EVA, which is why EVA is currently used in almost 80% of all PV 

modules [22, 23]. Vinyl acetate represents up to 33% of the encapsulant 

composition, while the remaining percentage is a mixture of ethylene, antioxidants, 

and curing materials such as peroxide [24, 25]. 

The PV module after being encapsulated and ready to function is guaranteed 

by manufacturers to have a 25-years lifetime with an expected power degradation 

rate of 0.8% per annum [26-28]. The National Renewable Energy Laboratory 

(NREL) developed accelerated stress tests to keep degradation rates within this 

range, ensuring superior quality and long-term reliability of PV modules [29]. 

Failures found in previously deployed PV modules, such as encapsulant 

discolouration and cracked solar cells, prompted the development of these tests. 

1.2  PV Degradation Rate and Failures 
 

      Jordan et al. [30] examined PV modules operated for 20 years and found that 

the degradation rate was 0.8% drop in the rated power per annum. However, 

researchers, e.g., [31-34], agreed that the degradation rate might vary depending 

on many factors like materials’ properties, environmental stress, and type of 

connections, whether the PV system is connected to the electrical grid or 

standalone. Another study by Jordan et al. [35] examined many degradation rates 

from 40 countries; the findings agreed with [31-34] that these factors significantly 
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affect the degradation rate. It was reported by Jordan and Kurtz [32] that the median 

degradation rate of grid-connected PV systems was higher than stand-alone PV 

systems deployed in the years before 2000. But the median degradation rate of 

grid-connected PV systems after the year 2000 became lower. In addition, these 

factors were described by Köntges et al. [36], including damage during 

transportation to degrade the PV module at a faster pace.  

   A recent study of deployed PV modules in India found that degradation rates 

of c. 1.47% per annum have been reported across the industry [37]. Quansha et 

al. [38] monitored PV modules that operated for 16 years in northern Ghana, 

particularly off-grid-connected, mono-crystalline type. The average temperature of 

north Ghana could reach 30°C and be combined with an intermediate humidity 

level of 43%. It was found that the annual degradation rate was 1.54%. This 

represents a double loss in potential power generation than projected.   

  Furthermore, some PV failures, such as cell cracks, distribute rapidly [33, 34]; 

if undetected, they will cause a significant cost loss that may reach up to 10 fold of 

the equipment cost [39]. This is because some undetected failures may lead to fire 

and cause catastrophic damage to the whole system [40]. For instance, critical 

degradation in some PV modules in an array system leads to mismatch, increasing 

the PV module's thermal temperature and subsequently leading to fire [41, 42]. 

Critical degradations of PV modules were also listed to initiate fire in a research 

project based in Germany [40]. Fire can also be caused by hotspot failure, primarily 

driven by other failure mechanisms that increase the temperature, and eventually 

catch fire [43, 44].  

   There have been 80 fire incidents that involved PV in the United Kingdom 

alone [45].  The fire caused by PV failures is not only resulting in power reduction 

and cost losses, but it may sadly lead to fatalities. Twenty-two casualties related to 

fire incidents stemming from PV failures were reported in the UK by BRE National 



1| Introduction   

   

 
6  

 

Solar Centre [45]. Besides, hydrogen decomposes during PV fires into toxic and 

life-threatening gases, namely, hydrogen fluoride and hydrogen chloride [46]. 

Figure 1.4 shows a fire incident triggered by a hotspot failure on a module in China. 

Figure 1.4 Fire incident in PV array initiated by hotspot failure [46]. 

     According to Sepanski et al. [40], PV modules do not catch fire abruptly; fires 

are often sparked by critical degradation mechanisms that possibly can be detected 

in advance. Hence, early prediction and determination of PV failures and critical 

degradation ensure a safe and reliable operation of the PV system, as well as reduce 

the risk of lost revenue and resultant increased costs for PV operators. 

1.3  Thesis Objectives 
 

 The prior section gives an overview of the hazard from failures and extreme 

degradations of PV modules and highlights the importance of monitoring PV 

systems for the safety and reliability of power production. Therefore, the objectives 

of the thesis are: 
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• Review the scientific literature to find the common degradation 

mechanisms of PV modules. 

• Conduct experiments and simulations to find the onset of PV critical 

degradation and failures from the current-voltage (I-V) measurements. 

• Develop models to early detect and predict the onset of critical 

degradation, allowing corrective actions to be taken to avoid catastrophic 

failures. 

• Explore the economic aspect of substituting an irreversibly degraded PV 

module in PV array or string systems at the early stages of degradations. 

1.4  Thesis Approach 
 

Simulation and experimental approaches have been followed in order to meet 

the thesis objectives. These approaches are implemented to simulate the most 

common PV degradation mechanisms, generating an adequate amount of data to 

be collected and explored. The simulation approach tends to generate more realistic 

data taken from well-published experimental data as well as make use of the thesis’ 

experimental results to generate more data and investigate more PV degradation 

scenarios. The experimental approach was designed to conduct experimentations 

with extensive repetitions to produce a sufficient amount of data that brings a 

robust conclusion. Both the experimental and simulation approaches aimed to 

closely investigate the output I-V curve of the solar cell at progressive deterioration 

stages. The analysis of the generated data led to developing mathematical models 

that can predict early failures in PV systems and meet the thesis objectives.  

The work of the thesis is expected to positively impact the area of solar energy, 

particularly with methodological contributions to the PV degradation monitoring 

field. The contributions can be summarised as follows:  

o Extensive surveying of PV degradation and failure mechanisms, 

identifying the key failure modes. 
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o Designing a method to test and investigate EVA degradation effect on PV 

module performance. 

o Characterising PV degradation through reduced shunt resistance and 

developing models for early prediction of shunt resistance degradation. 

o Decreasing the cost of PV failures’ detection techniques through 

developing detection techniques that detect degradation and predict them 

in residential and industrial PV systems, considering the criteria given by 

Pillai and  Rajasekar [47]. That is, detection techniques should be simple, 

applicable in most PV systems, cost-effective, non-interfering to power and 

have the ability to localise and classify failures.  

o Increasing the safety and reliability of the PV system by avoiding and 

preventing catastrophic accidents related to PV failures. 

o Lay the foundations for future simulation studies about PV failure 

scenarios. 

o Development of machine learning models to detect PV failures through 

generating mega-data of PV failure scenarios. 

1.5  Thesis Structure 
 

The thesis investigates several challenging tasks aiming to find novel and 

comprehensive methodologies that can be applied to predict, detect, and classify 

the two most common degradation mechanisms linked to optical and electrical 

failures in PV systems.  

This dissertation starts in Chapter 2 by reporting PV failures and degradation 

mechanisms on different PV module components from the literature. Then, 

detection techniques outlined in the literature are briefly explained with more focus 

on electrical characterization techniques that analyse the output parameters from 

the I-V curve.  
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The dominant optical failure in the PV module is when there is a loss in the 

solar transmittance caused by poor PV encapsulation, primarily EVA 

discolouration. EVA discolouration is primarily considered the onset of PV optical 

degradation. Thus, a simulation analysis is performed using experimental data 

from a widely cited article to explore the effect of these degradation scenarios on 

PV output characteristics in Chapter 3. 

      Besides the EVA degradation mechanism, most PV degradation and failure 

mechanisms classified in the electrical category were associated with low shunt 

resistance. Chapter 4 investigates the effect of low shunt resistance in PV cells. 

Lowering the shunt resistance is realised artificially in a novel way in five samples 

of poly-crystalline solar cells. Different shunt resistances values are recorded with 

their output parameters.  

      Chapter 5 presents performed simulations of the experimental cells’ output 

parameters obtained at low shunt resistance. It investigates the observed effects on 

the output parameters when the PV module had low shunt resistance. Four different 

scenarios are explored; each one has a different number of faulty solar cells. This 

would be a great potential technique for detecting PV failures that start with few 

cells and progress rapidly, leading to significant power loss.  

       Chapter 6 discusses the corrective action to be taken when detecting PV 

failure. It presents conducted experiments that demonstrate an example of the 

recommended corrective action when dealing with reversible or irreversible PV 

failures. Experiments are conducted at King Fahd University of Petroleum and 

Minerals (KFUPM) and are established to investigate one of the harshest 

environmental factors on PV; dust accumulation when mixed with high relative 

humidity and extremely hot weather. Measurements of a PV module diagnosed 

with a damaged cell caused by a hotspot are also taken. The potential of building 
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machine learning models to classify between PV failures or degradation 

mechanisms like EVA and low shunt resistance is discussed and tested.  

        In Chapter 7, economic analysis carried out when replacing a PV module with 

irreversible degradation in a PV array or string system is promoted as a corrective 

action. The cost analysis focuses on the two common degradation mechanisms, 

EVA discolouration and low shunt resistance, finding the optimal time concerning 

the cost for replacement.  

        Chapter 8 summarises and concludes the thesis with a brief discussion 

highlighting the thesis’ main contributions to the PV field and suggests possible 

future directions. 
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2 Chapter 2 | A review of PV Failures and Degradation 

Mechanisms  

  

2.1  Introduction 
 

  This chapter reviews the literature and discusses failure and degradation 

mechanisms of the PV modules with more focus on the encapsulant degradation 

process. Furthermore, it outlines the hazardous consequences beyond PV module 

failures, describing what harm they can bring to the PV system. Finally, the chapter 

briefly explains PV failure detection techniques, with an emphasis on electrical 

characterization techniques. Most significantly, this chapter prepares the stage for 

this dissertation to identify the most prevalent degradation processes so that 

modelling and experimental studies may be conducted to forecast and detect them 

at the early onset.  

2.2  Definition of PV Failure  
 

Photovoltaic failure is not defined uniformly in the literature. Some definitions 

indicate that a drop of 80% in maximum output power is considered a PV failure 

[48]. Others claim a 20% drop in maximal power is a PV failure [49]. Durand & 

Bowling [50] defined failure as a drop of more than 50% in maximum power 

output. However, The International Electrotechnical Commission (IEC) stated that 

to ascertain failure in the PV module [51], the 50% drop in maximum-power output 

must be accompanied by safety hazards. This discrepancy in defining the term 

explains the reason for Jordan et al. [52] to use the word “degradation mode” 

instead of “failure” when reviewing the literature. The author of this thesis, even 

with discrepancies in defining the “failure” term, uses both terms: failure and 

degradation. The term “failure” is universally described in the literature as any 

unusual changes in PV modules’ appearance, function and reliability [46][53]. 
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Whereas the term degradation describes the degradation mechanism of the PV 

module during its lifetime-cycle. In most cases, the degradation mechanisms if 

within expected range, 0.8% drop of rated power per annum, do not harm the PV 

system unless become critical with a higher degradation rate than expected 

[38],[54]. 

2.3  Failures of the PV Module Components 
 

A PV module consists of solar cells, solders, encapsulant, and protective glass. 

The raw material of the solar cell comes from element fourteen of the periodic 

table: silicon. Although silicon is not the ideal element for power conversion 

efficiency, its semiconductor properties were extensively studied in the market 

before the development of the solar cell [10, 55].  

 Silicon is highly purified and shaped into crystalline perfection and then sliced 

into a narrow profile ranging between 0.2 to 0.5 mm recognised as a wafer. 

Residuals of crystalline during the slicing process vary based on the slicing 

technology. They are regularly used as crystalline ribbons to reduce manufacturing 

costs [10]. Once the wafer is connected to the ribbon, the solar cell is ready for 

testing. 

Figure 2.1 PV module components designed by Fusion 360 modelling program. 
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2.3.1 Protective Glass 

 

The protective glass in the PV module is made from tempered glass that 

consists of a small proportion of iron oxide, not exceeding 0.05%, to allow 

transmission of sun rays [56]. It is manufactured and designed to resist 

environmental stress factors such as a drastic shift in temperature. Gürtürk et 

al. [57] validated glass resistivity by measuring its optical transmittance and 

energy efficiency. They investigated two types of PV glass, one rated to have a 1% 

higher solar transmittance. One in each type was used as a control glass and tested 

at a constant temperature. The others were tested with a drastic shift in their 

temperature reached 120°C. Their results showed no significant impact on energy 

efficiency, only a slight variation that reached 2.06% at most.  

Optical reduction of light transmittance is typically the failure that occurs in 

PV glasses, and it may be caused by UV wavelengths or by glass breaking or 

shattering [58, 59]. Some PV glasses are doped with cerium as an additive to 

protect the PV module from harmful UV wavelengths [60]. However, in a lab study 

conducted by King et al.  [61], the use of cerium additive was found to cause a 2% 

reduction of the optical transmission in the long run.  

Moreover, Kempe et al.  [62] investigated the effect of cerium removal from 

the protective glass and found that excluding cerium results in a gain of up to 1.8% 

in optical transmittance [18]. This motivates some manufacturers to persevere 

without adding cerium. In contrast, its exclusion is considered a risk factor that 

leads to a threefold increase in the rate of encapsulant delamination [62]. Therefore, 

it was concluded by Kempe et al. [62] that the exclusion of cerium has no benefit 

on electrical performance and if omitted, an anti-reflective coating must be added 

to the glass to block the harmful UV wavelengths, particularly the spectrum below 

350 nm. 
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      Glass shattering can be the result of poor PV module transportation or incorrect 

manufacturing processes involving excessive clamping force [32, 64-66].  

Shattering or breakage of the module’s glass allows water vapour to ingress the 

solar cells, creating short circuits and safety hazards by causing electrical 

shock [32]. In addition, the thermal temperature at the breaking point increases, 

which may cause hotspot failure [36]. In an investigation study by 

Chandel et al. [67], a PV module found with glass breakage had developed hotspot 

failure with significant power loss. However, Ndiaye et al. [32] investigated a PV 

module with a broken glass operated for five years and found no significant power 

loss. This may indicate that the breaking glass is not the cause of the failure, but 

the consequences that come afterwards due to weak protection. 

Typically, hotspot forms in a PV module when some cells receive less 

illumination than others, converting them from energy producers to energy 

dissipaters, i.e., the energy produced by the fully illuminated solar cells is 

dissipated by the lesser illuminated ones, increasing the latter cells’ thermal 

temperature, making them operated in reverse bias [5]. Hotspot failures are not 

only driven by broken glass failures but also driven by shading and mismatch 

 

(A) 

 

(B) 

Figure 2.2 (A) Example of PV module with a shattered protective glass [63]. 

(B)  Broken glass due to installation fault by too tight bolt [36]. 
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failures [68]. When they occur, they cause permanent damage to the solar cells or 

other module parts; metal connection, EVA encapsulation, or protective glass [69, 

70]. Jordan et al. [52] rated PV failures based on their severity, where one is low, 

and ten is considerably most severe; they listed hotspots to have the highest 

severity rate among all PV failures. 

2.3.2 Encapsulant 

 

From the historical PV research carried out in 1981 by Lathrop et al. [71] at 

Clemson University until recent literature reviews, e.g., [72, 73], EVA encapsulant 

is the primary cause of  PV degradation mechanism. Degradation of the 

encapsulant leads to poor optical performance in the PV module, leading to poor 

energy efficiency due to reduced light absorption and increased reflection [74]. 

Discolouration failure causes a loss in the rate to short-circuit current (𝐼𝑆𝐶). The 

loss may reach 40% in severe cases, albeit it is not considered a failure as it may 

not cause a safety hazard [51]. However, discolouration leads to more severe 

failures like delamination and corrosion. Corrosion of contacts is typically due to 

the creation of acetic acid [75], commonly occurring long after the effects of 

discolouration.   

Delamination will significantly reduce absorbed light, thereby resulting in a 

dramatic reduction in ISC. Bubble formation is one of the primary triggers of 

encapsulant delamination; it is formed initially during the lamination process of 

encapsulation due to a higher ratio of released volatile organic compounds [76, 77]. 

The area affected by bubbles in the PV module operates at hotter thermal 

temperatures and probably leads to burn marks [78]. A study by Rajput et al. [79] 

analysed the degradation mechanism of 90 mono-crystalline PV modules operated 

for 22 years in India; it was found that the PV modules affected by more bubbles 

had more power loss.  



2| A review of PV failures and degradation mechanisms  

   

 
16  

 

      One of the significant causes of encapsulant degradation is ultraviolet radiation, 

even though it represents less than 3.5% of the solar spectrum [80, 81]. Given its 

shorter wavelength, UV light has increased energy that degrades the encapsulant 

over time, typically by breaking down the polymeric bonds [82].  

      The ultraviolet spectrum is categorized into three regions: UV-A, UV-B, and 

UV-C. As PV modules are never naturally exposed to UV-C, it is UV-B that is 

considered the most harmful in triggering the degradation process in EVA 

encapsulation[83] [84, 85]. The UV irradiance is combined with temperature or 

other stress factors, which leads to the deterioration of the EVA encapsulant [86] 

even with the use of UV-blocking glass [51].  As a result, a chemical reaction is 

triggered that produces acetic acid and aldehyde, altering the EVA colour 

progressively from clear to light yellow, then yellow, yellow-brown, brown, and 

ultimately dark brown in critical cases [86, 87]. 

      An experiment conducted by Miller et al. [17] demonstrates the effect of UV 

exposure along with two other stress factors: humidity and temperature, on five 

different types of encapsulants. Results showed that the rate of degradation 

increases when encapsulants experience a combination of lower humidity and 

higher temperature. This leads to a greater discolouration of the encapsulant. A 

similar study by Arularasu [88] also investigated the effect of these two stress 

factors along with UV radiation on encapsulant degradation, with similar 

conclusions.  

 A term is known as the "yellowness index" was introduced to quantify the 

discolouration effect. According to the International Standards Organization (ISO) 

[89], the yellowness index is defined as a shift in polymer colour toward yellow. 

However, in Oliveira et al. [90] it was found that even if the PV encapsulant colour 

has not yet shifted to yellowness, i.e., did not affect the yellowing index, it cannot 

be determined with certainty that degradation is not present. This uncertainty has 



2| A review of PV failures and degradation mechanisms  

   

 
17  

 

motivated researchers, for instance [60, 91, 92], to investigate the starting point of 

the encapsulant degradation process. 

 While it was claimed by Ferrara and Philipp [95], that there is no clear 

relationship between the change in the encapsulant’s colour and electrical 

performance of the solar cell, it was experimentally proven by Rosillo and Alonso-

Garcia [96], that the maximum power output (Pmax) is reduced when the yellowness 

index increases. This is in agreement with Pern et al. [97] who conducted an 

experiment in 1991, calculating the electrical performance of solar cells for five 

different colours of EVA and found that maximum power output was dramatically 

decreased when the EVA colour altered to a darker brown.   

 Furthermore, Dechthummarong et al. [98] compared PV modules before and 

after 15 years of operation to investigate if the insulation resistance still complied 

with the IEC 61215 standard [99]. They classified encapsulant discolouration 

 

  
 

(A) (B) (C) 

Figure 2.3 (A) Brown discolouration of PV cell [93]. (B) PV Module affected by 

delamination [67]. (C) PV module affected by delamination that led to corrosion 

[94]. 
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based on four colours: light yellow, yellow, brown, and dark brown. It was found 

that the modules with light yellow and yellow colours had a better electrical 

performance. Meanwhile, modules with brown discolouration were more likely to 

develop corrosion, delamination, and bubbles failures than modules with yellow 

discolouration, although insulation resistance, when measured in all PV modules, 

was compliant with the IEC 61215 standard.  Corrosion and more hazardous 

failures were also found in modules with brown discolouration in a Brazilian study 

by Diniz et al. [100].   

     Therefore, detecting the early onset of EVA degradation avoids possible 

hazards through preventative maintenance, such as direct replacement of modules 

exhibiting signs of early degradation, even if the PV modules are compliant 

with the IEC standard, while also ensuring the PV modules continue to produce 

maximal power. 

2.3.3 Solar Cells  

 

Solar cells are connected in series and then encapsulated, typically with EVA, 

to provide adhesion between the solar cells and the protective glass. Failure of the 

solar cell mainly occurs due to the very narrow profile of the pure silicon slice. 

These thin wafers are very brittle and are prone to cracking easily during 

manufacturing or transportation.  

Generally, the microcracks of the cell cannot be detected by the naked eye. Due 

to that, they may spread and distribute to other cells in the module [36]. When the 

cracks block more than 8% of the cell from functioning, it may lead to a 

hotspot [36, 101]. The active area of the cracked cell may be forced to operate in 

reverse bias, eventually causing a hotspot failure. Moreover, cracks are subject to 

expansion and emerging more cracks, especially under environmental and 

mechanical stress factors from hot, cold, and windy climates [102-105]. 
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Consequently, it accelerates the ageing process and causes a faster degradation rate 

[36]. Buerhop et al. [106] reported that PV modules with cracked cells had a 

greater than 10% power loss after six years of operation only. 

Conversely, snail track failure can be detected by the naked eye; this failure is 

so-named because it is shaped like a snail. Alberto et al. [107] indicated that most 

of the snail track failures are linked to the existence of cracked cells. They also 

compared four PV modules with a snail track against a healthy one. In their 

findings, the maximum power output dropped in all PV modules with a snail track, 

one of which had a power loss of 40% than rated. This reduction in maximum 

power was caused primarily by a significant reduction in the  𝐼𝑆𝐶 , despite a slight 

increment in open-circuit voltage (VOC). Duerr et al. [108] found that four 

degradation mechanisms trigger snail track failures, depending on the combination 

of the encapsulant materials, and, on that basis, snail tracks should be described 

and categorised under PV failures rather than a single degradation mechanism. 

Potential induced degradation (PID) is another PV failure observed firstly in 

Germany in 2005 [109]. It degrades PV wafers and leads to the development of 

hotspots [110, 111]. If undetected, it may lead to 100% power loss within a few 

years [58]. A report based in Germany stated that PID failure is progressing rapidly 

with the release of acetic acid due to EVA discolouration [112]. Moreover, in a lab 

experiment by Pingel et al.  [113], the PV module was found unlikely to recover 

from PID when operated at higher temperatures.  

Another failure that solar cells might experience is a disconnection of the solar 

cell wires known as busbars or ribbons. This type of failure occurs because of a 

manufacturing defect, it is also driven by excessive heat due to long partial shading. 

Such failure is detected by an infra-red camera (IR) or by monitoring the output    

I-V curve. When this occurs, the power is dropped by 35%. With progression, it 

will decrease the power by 46% [33]. Consequently, solder bound will become 
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extremely hot, leading to burning marks and discolouration of the EVA 

encapsulant [114]. In the worst scenario, the protective glass will be broken with 

visible burn marks on the PV module's back sheet, blocking the current path and 

initiating an electrical arc and fire, causing irreversible damage [36].  

Thus, as with most PV failures, detecting them earlier is essential to assure a 

reliable and safe operation of the PV system. 

 
 

 

 

(A) (B) (C) 

Figure 2.4 (A) PV module affected by snail track failure [108]. (B) PID failure 

detected by electroluminescence image [115]. (C) Hotspot burned the cell solder 

bonding and exhibited burn marks in the back sheet [116]. 

 

2.3.4 Backsheet 

  

      The backsheet is the last layer of the PV module that provides construction 

support and protects the modules’ electrical parts from short circuit failure, 

ensuring perfect electrical insulation from various environmental stress factors 

such as water ingress from high relative humidity [117]. Failures and degradation 
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in the backsheet can appear as discolouration, delamination, bubbles, and burn 

marks [112].  

   

(A) (B) (C) 

Figure 2.5 (A) Backsheet bubbles [112]. (B) Backsheet delamination [112]. (C) 

Burn marks were caused by a hotspot in the backsheet [116]. 

       The major cause of burn marks failure is hotspots, and this may lead the PV 

module to catch fire. For this purpose, a study conducted by Cancelliere and 

Liciotti [95] investigated fire reaction with four common types of backsheet 

materials: 3-layers (PET/PET/Primer), 4-layers (PET/Aluminium/PET/Primer), 

3-layers (Fluoro-Coating/PET/EVA) and PET layer with an outside and inside 

coating. The two backsheets, PET monolayer with an inside and outside coating, 

and the 4-layers (PET/Aluminium/PET/Primer), reacted slower to fire flame and 

had fewer damaged areas with no or less harm to EVA encapsulant. However, the 

monolayer with an inside and outside coating backsheet is favoured over the other 

as aluminium is electrically conductive and may result in less power production of 

the PV module. 



2| A review of PV failures and degradation mechanisms  

   

 
22  

 

2.3.5 Junction Box and Bypass Diodes 

 

       A junction box (j-box) is attached to the PV module through adhesive material 

to regulate and provide a safe flow of the PV module current [118]. To guarantee 

the proper flow of the current, bypass diodes are also installed inside the j-box in 

different configurations; overlap and non-overlap [119]. Failures in the j-box are 

mainly caused by bad wiring quality, blown bypass diodes, and poor bonding to 

the PV module (delamination) caused by high humidity [72]. Those failures allow 

water vapour to ingress, causing serious safety issues initiating an electrical arc or 

causing hotspots [36]. Han et al. [31] investigated the condition of 177 mono-

crystalline PV modules that operated for 22 years in a humid climate with an 

average temperature of 27.5°C. Most of the junction boxes of the modules had 

been seriously damaged and needed replacement. 

  

(A) 

 

(B) 

Figure 2.6 (A) Failed bypass diodes led to hotspots [116].(B) Poor bonding of 

j-box [115]. 

       Several PV failures were found to form hotspots making it necessary to protect 

the PV module. One means of protection is to use a bypass diode, although it has 

been criticised for being neither safe nor effective [69, 120, 121]. The existence of 

a bypass diode enables the current to flow over the defective solar cells, thereby 
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protecting the PV module from thermal increases and hotspots. This is one of the 

main reasons why some PV manufacturers, such as AE-Solar, a German PV 

Manufacturer, attach a bypass diode to each PV cell [122]. One of the frequent 

reasons for blown bypass diodes is the increase in their temperature due to long-

term shading [123, 124]. Also, it was indicated by Bansal et al. [72] that bypass 

diodes exposed to over irradiance, in particular over 1400 Wm−2 are expected to 

be blown due to high flowing currents and high operating temperature.  

      Failure to detect poor bypass diodes may lead to serious safety issues [124, 

125]. Since bypass diodes are used to avoid PV failures that lead to hot-spotting, 

whenever they fail, the module loses its means of protection and becomes 

vulnerable to hot-spotting and burn marks and, in the worst scenario, fire [42, 126]. 

2.4   Classification of Crystalline Photovoltaic Module Failures 
 

Failures can be classified into different criteria based on the severity, location 

of the failure, and occurring time, whether at the early installation or the last years 

of warranty. Kuitche et al. [127] classify the failure types based on severity level, 

the severity of failure was mathematically estimated using Eq. (2.1)  [127].  

RPN=S × O × D (2.1) 

Where RPN is defined as the Risk Priority Number used as a rating guideline,  

S: is the severity rating and it is rated from 1 to 10. Where one refers to no apparent 

defect and 10 indicates no operation. 

 O: failure occurrence, and it is rated from 1 to 5. One indicates failure is less likely 

to occur, and 5 indicates a frequent occurrence at least once per month.  

D: detection of the failure and rated from 1 to 10. One indicates the failure will be 

easily detected, and ten less likely to be spotted.  



2| A review of PV failures and degradation mechanisms  

   

 
24  

 

Table 2-1 Photovoltaic failures list classified by three different reviews. 

Photovoltaic 

Failure 

Classified by 

Jordan et al. [52] 

Classification 

Categories: 

 Severity 1 to 10. 

Classified by 

Tsanakas et al. [58] 

Classification 

Categories:  

a) Optical 

b) Electrical 

c) Not 

Classified  

Classified by  

Köntges et al.  [36] 

Classification 

Categories:  

a) Infant-Life  

b) Midlife-  

c) Wear Out 

Hotspot  10 Electrical Not Classified 

Delamination Minor 

Delamination:1 

Major 

Delamination: 5  

Optical Mid-Life 

Encapsulant 

Discolouration 

3 Optical Mid-Life 

Solder 

Bonding  

8 Electrical Wear Out 

Glass 

Breakage  

5 Optical Early Life 

Cracked Solar 

Cell 

5 Electrical Mid-Life  

Bypass-Diode  5 Non-Classified Mid-Life 

Junction-Box 

Failure 

5 Electrical Infant-Life 

        

          Similarly, Jordan et al. [52] adopted Eq. (2.1) to extract a classification 

method based on the severity. They rated the severity measurement from 1 to 10, 

where one indicates there is no effect on the performance of the PV module and 10 

points a severe impact on the performance accompanied by a safety hazard.  Within 
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their classification, hotspot failure ranked 10, and a minor delamination failure 

rated 1. Tsanakas et al. [58] classified the PV failure differently based on optical 

and electrical shortages, as seen in Table 2-1.  

 Kontges et al. [36] classified PV failures into three categories: infant-life, 

mid-life, and wear-out failures based on the expected time of occurrence. Infant-

life failures are the ones that appeared in the early life of PV operation. Mid-life 

failures arise after eight years of operation, whereas wear-out failures are failures 

that emerge just before the end of the module lifetime.  

2.5  Environmental Stress Factors that Trigger PV Degradation 
 

Harsh weather in some geographical locations in the world reduces the PV 

module’s efficiency and triggers degradation. High temperature, high relative 

humidity, dust storms, snowstorms, and high UV index, all of which are aspects of 

environmental stress factors. For instance, the PV power production reduces when 

operated above 25 ⁰C [128, 129].   

2.5.1  PV Failures Triggered by Harsh Weather  

 

Potential induced degradation, encapsulant discolouration, and delamination 

failures were listed to be triggered by high ambient temperature [36]. Humidity 

triggers the adhesion of the module’s back sheet and raises a safety concern in the 

system when water vapours penetrate the module’s parts [36]. J-box failures are 

also triggered by high ambient temperature and humidity [31]. Dust particles and 

snowing were found in the literature to cause shading failures and reduce power 

output significantly [3]. Both extreme cold and hot climates were found to increase 

the degradation rate of PV modules with cracked cells [115, 130, 131]. 
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2.5.2 Temperature and Humidity 

 

Humid weather contributed more to failing the j-box as it deteriorates the bond 

force of cohesive material [132]. After Han et al. [31] found that most j-boxes 

needed replacement due to humid weather, they selected 144 modules and installed 

them in harsher weather. As a result, the degradation rate doubled, jumping 

from 0.18% to 0.43% per year. PID failure is also more likely to occur in humid 

weather [133].  

Santhakumari and Sagar [132] reviewed the literature focusing on failures 

related to the weather condition and their contribution to the degradation of the 

photovoltaic system components, including batteries, cables, and inverters. Their 

review concluded that high ambient temperature, relative humidity, dust, 

sandstorm, and hailstorm highly trigger PV failures, causing optical and electrical 

losses. These environmental stress factors are found to trigger encapsulant 

degradation, corrosion, and glass breakage. The review [132] also addressed some 

of the experiments that have been conducted to tackle harsh environmental stress 

factors. For instance, sprinkling water on the PV panels was an efficient technique 

to reduce the thermal temperature.  

A study was conducted by Chandel et al. [67] investigated the degradation rate 

and failures for mono-crystalline modules operated for 28 years in India. The kinds 

of failure classified by Santhakumari and Sagar [132]  due to humid climates were 

found with an average degradation rate of 1.4%.  

2.5.3 Dust and Dust Storms 

 

Dust accumulation is another environmental stress factor that decreases the 

power output by causing shading on the PV surface, it occurs in locations where 

dust storm is common like the Middle East and Africa. The dust particles are either 
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scattering in the atmosphere or accumulating on the PV module surface [134]. 

When dust scatters radiation in the atmosphere, it minimises the irradiation 

reaching the earth’s surface and converts it to diffuse irradiance, reducing the 

overall power. In contrast, dust accumulation on the PV surface directly impacts 

the power output and thus brings more attention to be studied and investigated 

more extensively. It motivates researchers who live in a harsh weather environment 

to conduct more studies during dust storms [135], while others have set up lab 

experiments to investigate different dust particles properties on PV modules [136, 

137].  

Saidan et al. [135] compared the electrical parameters between PV modules at 

different periods of dust accumulation. They found that reducing short-circuit 

current and the power output became greater for a longer time of dust 

accumulation. ISC was decreased by fourfold in dust accumulation for one month 

when compared to one day. Said and Walwil [138] reached the same results in a 

previous study for PV modules deployed in Dharan, Saudi Arabia; the ISC reduced 

greater in a more extended time of dust accumulation.   

Many factors need to be considered to address PV dust accumulation; tilt angle 

is one of them. Sayigh et al. [139] experimented with PV modules operated in the 

field for 38 days at different tilt angles ranging between 0o to 60o. They found that 

dust accumulation increased dramatically when the tilt angle decreased, causing a 

reduction in the PV transmittance. This was also experimented and confirmed by 

Said and Walwil [138].  Both Elminir et al. [140], and Said and Walwil [138] 

showed that the dust accumulation increased fivefold at a tilt angle of  0o  compared 

to a tilt angle of 90o.   

Properties of dust particles, weather conditions, and dust adhesion force also 

play a vital role in tackling the dust accumulation problem. For example, the 
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adhesion force for the larger dust particles was higher than the smaller ones [137, 

138].  

A lab experiment conducted by Mehmood et al. [136] identified the material 

components of the dust particle found in Dhahran, Saudi Arabia and their mud 

character when they react with humidity on two PV surfaces: glass and 

polycarbonate. The dust particles collected from the PV modules surface, mixed 

with different concentrations of deionized water, applied to the glass and 

polycarbonate, and then dried for two days. Their results showed that glass’s 

transmittance reduced more by 9% when compared to the polycarbonate. 

Therefore, it is essential to monitor the PV module surface to ensure no dust 

accumulation or dirt. This was reported to cause a decrease in the power efficiency 

by 18% after only a month of accumulation [135].   

2.6  Detection of PV Failures 

 

      Depending on the connection types of the PV system, whether it is grid-

connected or a standalone, failures occurred on two different sides DC and AC. 

They happen on the DC side when the system is standalone, whereas they also exist 

on the AC side when connected to the grid. Distinguishing them can be achieved 

by monitoring the system’s power output; it reduces whenever there is a DC failure 

but causes a total blackout when a failure occurs on the AC side [141]. 

      Madeti and Singh [141] reviewed the literature and classified all failures 

detection techniques into two groups; fault detection based on the ground by 

employing monitoring sensors and fault detection based on a space monitoring 

system. The latter group is cost-effective because it does not require sensors, but 

weather situations can reduce its accuracy significantly. The sensors employed in 

ground-based techniques are set to observe the major electrical parameters such 

are current, voltage, and power. These parameters vary based on the PV system’s 
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connection type; for example, grid impedance needed to be monitored in a grid-

connected system, but not in a standalone system [141].  

      Each type of PV failure requires a different strategy to be detected. For 

example, detection strategies employed in optical failures are different from those 

employed in electrical failures. Optical failures may be seen by the naked eye, 

whereas electrical losses require instruments to monitor, store data, and analyse. 

Furthermore, detection techniques for failures on the AC side, e.g., PV converter,  

power blackout of the grid, are utterly different from those on the DC side [141]. 

On the grounds that failures found in the PV module are listed under the DC side, 

details about detection techniques of losses that occur on the AC side will not be 

covered as they are beyond the scope of this thesis. 

    To the best of the author’s knowledge, there are nine comprehensive reviews of 

PV failures in the literature: Madeti and Singh [141], Bansal et al.  [72], 

Santhakumari and Sagar [132], Triki-Lahiani et al. [6],  Flicker et al. [142], Mellit 

et al. [143], Pillai and  Rajasekar [144], Rahman et al. [145], and Pillai and  

Rajasekar [47]. In this regard, the review of PV failures detection techniques of the 

DC side uses these sources.  

     According to Pillai and  Rajasekar [47], for the detection technique to be 

effective, it should meet the following criteria: (1) Able to detect failures without 

interfering power or causing blackout (2), Able to pinpoint the failure, (3) Cost-

effective and flexible (4), Simple and not complicated in structure and (5), Can be 

applied to different variety of PV systems.   

 Madeti and Singh [141] classified failure detection techniques of the DC side 

into six categories; electrical characterization, infrared imaging, visual inspection, 

ultrasonic inspection, electroluminescent imaging, and lock-in thermography.             

Nearly the same classification was presented by Santhakumari and Sagar [132], 

but in fewer details, the electrical characterization was also referred to as indoor 
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testing using the solar simulator. Twelve detection techniques were under electrical 

characterization listed in the Madeti and Singh [141], five of them reviewed in 

more detail by Mellit et al. [143]. Those five techniques were signal and 

processing, I-V characteristic analysis, power loss analysis, voltage and current 

monitoring, and machine learning detection techniques.    

2.6.1 Visual Inspection 

 

The first step to detect PV failure is to view the PV modules from different 

angles. Visualizing techniques have been demonstrated and reviewed by the 

international standard  IEC 61215 [146]. The standard considered broken, cracked, 

and misaligned module surface as well as bubbles of the encapsulant as significant 

defects. Failures such are delamination, mild discolouring, corrosion, j-boxes, and 

shading could be visualised by naked eyes without employing other detection 

techniques [72, 143]. Moreover, some researchers proposed using drones with 

installed cameras to visualize PV plants more effectively, e.g., [147].  

2.6.2 Infrared Imaging 

  

 Infrared imaging is a detection technique based on the solar cell’s reversed 

biased circulating current in a PV module. In case of failure, the solar cell dissipates 

heat which an infrared camera can detect. Hotspot, as well as microcracks failures, 

sometimes cannot be seen by the natural human eye. Still, they are caught by 

infrared imaging. Predicting failure before taking place is a major advantage of this 

technique. On the other hand, drawbacks will be staffing and expensive costs [47].  

The working principle is usually started by storing images of a healthy PV 

module to compare them to a faulty module when needed. This technique 
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can detect hotspots, breakage of solar cells, disconnection, and PID failures [72].  

Figure 2.7 Infrared imaging to discover high-temperature cells in a PV module 

[47]. 

2.6.3 Electroluminescence Imaging 

 

This technique is used to detect a potential cracked cell by pinpointing the low 

contact area of a PV module. The working principle of this technique is to look 

into the recombination losses (shunt defects) created by an injected current to the 

solar cell metallic contact [148-150]. In addition to detecting cracked cells, snail 

tracks, and PID failures can be seen using EL imaging [72].  

(A)                                                                        (B) 

Figure 2.8 (A) EL imaging of a healthy monocrystalline solar cell. (B) El imaging 

of a cracked monocrystalline solar cell [151]. 
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2.6.4 Ultrasonic Inspection 

 

The detection technique of ultrasonic inspection compares the frequency 

signals of a healthy and a faulty cell obtained by an ultrasonic transducer [152-

154]. The resonance frequency intends to decrease when detecting a defective cell 

[153, 155]. The ultrasonic technique is mainly used to detect cracked cells in the 

PV module. An advantage of the method is that it determines the level of the crack 

based on the increased range of the frequency’s bandwidth [153].  

2.6.5 Electrical Characterization   

 

Electrical characterization has been claimed to be the most common detection 

technique of PV failures [144]. This detection technique focused on monitoring the 

PV system’s electrical parameters and was referred to as a signal processing 

approach by Mellit et al. [143]. Mellit et al. [143] also reviewed protection devices 

The lock-in thermography detection technique has nearly the same working 

principle as EL but was found superior and more sensitive in detecting 

failures [122].    
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Figure 2.9 Ultrasonic inspection for several cell wafers showing cell No.11 has 

an abnormal reduction in frequency, indicating a crack failure [152]. 
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used for electrical characterization, such as over-current protection devices. Pillai 

and Rajasekar critically reviewed detection devices [47], explaining the limitations 

and drawbacks of detecting a failure at the time of occurrence, particularly under 

low irradiance, which may lead to serious safety issues and catastrophic failure. 

For instance, over-current protection devices might respond slowly to PV failure, 

leading to an electric arc or fire [143].  

I-V curve, power losses, and PV module’s temperature, all of which can be 

used to detect PV failures. For instance, the temperature of the PV module 

increases at hotspot failure, fuses calculate the residual system’s current. Insulation 

monitoring devices evaluate the resistance between the current-carrying conductor 

and the ground to detect ground failure. 

2.6.5.1  Effect of Noise in Detecting Photovoltaic Failures  

 

One obstacle preventing accurate detection of PV failures was obtaining noisy 

data from measurements. Harrou et al. [156] focused on detecting four types of PV 

failures on the DC side; open circuit, short circuit, partial shading, and degradation 

failures. They used a wavelet-based multiscale tool to separate the noise 

measurements data to detect those failures accurately. Elyes et al. [157], also 

concluded that using wavelet-based multiscale, anti-noise techniques better detects 

PV failures. Noisy data seems to be an obstacle in Ali et al. [158] ending up 

suggesting to separate them using noise separation devices or working out efficient 

ways for noise separation. 

2.6.5.2  Detection of PV Failure Using Current and Voltage Residuals 

 

This method used the values of maximum voltage (Vm), maximum current (Im), 

and power obtained from the healthy PV module simulation to compare them with 

actual data. Residuals or the difference between the simulation and the 
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experimental values indicate the existence of PV failure. Depending on residual 

values, the type of failure can be predicted [156, 157].  

Harrou et al. [156] used the measurement of the MPP residuals of voltage, 

current, and power as indicators of abnormal changes in the PV system. However, 

it was concluded that the monitored parameters were insufficient to detect 

degradation and partial shading failures. Thus, it will be more effective to include 

other parameters as an indicator. Elyes et al. [157] used the residual technique and 

reached the same result as Harrou et al. [156], particularly for shading failures, 

other I-V parameters such as short-circuit current and fill factor should be included 

to improve the detection technique.  

2.6.5.3 Detection Techniques Using I-V Curve Parameters 

 

Figure 2.10 Current-Voltage and Power-Voltage curves display the major 

parameters of a solar cell; Isc, the current at zero V, VOC, the voltage at zero 

current, and Pmax, the maximum point at the voltage and current.  

The I-V curve shows the output combinations between voltages and currents, 

delivering the values of major parameters; short-circuit current, open-circuit 
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voltage, maximum power output, and fill factor. Modelling of healthy or expected 

I-V curves and power output via engineering modelling programs are also 

classified under electrical characterization and was referred to as “model-based 

difference measurements” by Pillai and  Rajasekar [47]. 

One of the reasons for the I-V curve to be simulated, instead of obtaining them 

experimentally, is the risk associated with performing faulty operation scenarios in 

a real PV system which may get out of control [159]. 

Chen et al. [160] investigated four failure modes and records their impacts on 

the I-V curve. Short circuit failure was found to decrease both Pmax and VOC. 

Degradation failure can be observed when a reduction in the I-V slope accompanies 

a gradual decrease in Pmax.  

       ISC was decreased in open-circuit failure. In case of partial shading failures, 

the I-V curve will be distorted, forming multiple Pmax points; one before shading 

and one after shading. Ali et al. [158] fabricated three shading scenarios on a PV 

string that contains three polycrystalline modules; firstly, where one-third of two 

modules were shaded, secondly, three cells in each module were shaded and lastly, 

half cells in each module were shaded. As a result, I-V curves were distorted, and 

VOC decreased in all three scenarios, at most in the third scenario with a 68% 

reduction.   

       Köntges et al. [36] agreed with Ali et al. [158] that shading failure distorts the 

I-V curve,  creating multiple Pmax points. They also listed the effect of various PV 

failures on the I-V curve; ISC is affected mainly by optical failures and losses of 

transparency, EVA discolouration, glass breakage and shattering, and EVA 

delamination. It is also affected by disconnected soldering of the cells, PID, and 

cracked cells in the PV module. Whereas VOC is affected by defective bypass diode, 

PID, and disconnected soldering of the cells. The fill factor is affected by 
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delamination, corrosion, and cracked cells. All PV failures were found to reduce 

Pmax except for the bypass defect.  

2.6.5.4  Using I-V Characteristics to train machine learning (ML) 

 

The awareness of the electrical characterization’s boundaries assists in training 

supervised machine learning algorithms to detect PV failure and degradation. 

Chine et al. [161] implemented artificial neural networks (ANN) to detect eight 

types of faults: shading caused by snow and soiling.  A probabilistic neural network 

(PNN) algorithm was implemented and compared to ANN to predict and classify 

three failure mechanisms by Garoudja et al. [159]. It was found that PNN is 

superior to, and more efficient than ANN even in the presence of noise.  

2.6.6 Detection Degradations and Failures Using Shunt Resistance  

 

Formulation of the I-V curve’s major parameters with mathematical equations 

helps to extract the values of other hidden parameters [162, 163], namely series 

resistance (Rs) and shunt resistance (Rsh). Measurement of these parameters is vital 

for detecting some PV failure and degradation modes [164]. However, accurate 

extraction of Rs and Rsh values is challenging [162, 163]. For this purpose, many 

studies have attempted to refine and optimise an extraction approach to estimate 

these values, e.g., [165-169]. Though an exact identification might be 

unobtainable, approximating their range of values is still important. 

The shunt resistance is a parallel resistance across the 𝑝 − 𝑛 junction; a higher 

shunt resistance indicates fewer photogenerated currents flow through alternate 

paths [170, 171]. A reduction in Rsh means that photogenerated carriers are being 

lost, causing a reduction in the overall power production [170-172]. Kaplani and 

Kaplanis [173] tested PV modules that operated for 20 years. They found that 11% 

of the module’s power loss was associated with an 80% shunt resistance reduction, 

making it a strong indicator for critical PV degradation [73, 164].  
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      Additionally, the Rsh indicates the occurrence of PV failures such as soldering 

defects, cracks, shading, and mismatch [174, 175]. Most of the failures listed by 

Tsanakas et al. [58] (Section 2.4) specifically electrical failures, were found in the 

literature to lower shunt resistance.  

       Optical failures such as EVA delamination were found to lower shunt 

resistance. Gxasheka et al.  [176] compared parameters of five deployed PV 

modules, the one affected by delamination had approximately 50% lower shunt 

resistance. The effect of EVA discolouration was determined by Rajput et al.  [177] 

to lower shunt resistance. However, when the solar module is affected by EVA 

discolouration, it receives less illumination [178]. And according to Ruschel et 

al. [179], the shunt resistance increases when solar illumination decreases. Based 

on that, the shunt resistance should be increased if EVA experienced the same 

discolouration colour across the PV module. Otherwise, different colours of EVA 

discolouration might have the same effect as shading and will lead to a decrement 

in shunt resistance. A study by Sinha et al.  [180] compared two module pairs that 

operated for 20 years in India, one in each pair had brown EVA discolouration. 

They assumed no evident link was found between brown EVA discolouration and 

shunt resistance. 

       On the other hand, [58] electrical failures, which are unlikely to be detected 

by visual inspection, such as microcracks failure, were found by Zhang et al. [181] 

to decrease Rsh significantly. Low shunt resistance was spotted from the short-

circuit current slope from the I-V curve of a module with cracked cells [181]. 

Saavedra et al. [182] also experimentally investigated PV modules with cracked 

cells and reached the same conclusion as Zhang et al. [181]. Potential induced 

degradation was also directly linked with shunt resistance reduction [183, 184]. 

Myer and Dyk [185] simulated a PV module that consisted of 36 cells with 

30% of the cells under shading failure to analyse the effect of shading on electrical 
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parameters. In their findings, both shading and hotspots, when presented, 

significantly lowered the shunt resistance. Shading failure is another common PV 

failure that is also strongly linked with hotspot formation [171, 185].  Failures 

related to soldering defects can produce excessive leakage current. When 

undetected increased the thermal temperature and formed a hotspot [182].  

Degradation and many PV failures were associated with low shunt resistance, 

making it vital to investigate the behaviour of the solar cell when the shunt 

resistance degrades. A simulation study by Dhass et al. [186] developed a 

MATLAB model showing that there was a greater reduction in ISC rather than VOC  

as the shunt resistance degraded. In contrast, Sarkar [7] used SPICE simulator and 

found that degradation of Rsh results in a greater reduction in VOC than ISC. These 

discrepancies in their results [7, 186] arise because both studies were based on 

simulation. Dyk and Meyer [187] used PVSIM to investigate the effect of lowered 

shunt resistance. They showed that low shunt resistance decreased maximum 

power output, open-circuit voltage, and fill factor but increased short-circuit 

current slightly.  

Experimental studies were also undertaken and reported; in 1969, Kennerud 

[188] solved the I-V equation for a cadmium sulfide (CdS) solar cell using the 

Newton-Raphson technique and varied the electrical parameters, including shunt 

resistance, to explore their effect on the I-V curve. The results obtained were 

compared and verified experimentally and showed that lowering shunt resistance 

reduced VOC and fill factor. Rummel et al. [189] used a 12-cell mono-crystalline 

PV module to investigate the effect of three low shunt resistance values at eight 

irradiance levels decreasing from 1 kW m-2 down to 0.09 kW m-2. They compared 

the module efficiency before and after lowering the shunt resistance and found that 

the module’s efficiency decreased dramatically with lowering shunt resistance.  
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Roy and Gupta [172] presented electroluminescence (EL) imaging techniques 

to quantify shunt resistance and detect unhealthy levels associated with PV failures 

like mismatch and hotspot failures. They investigated six shunt resistance values 

reducing from 300 Ω to 1 Ω. The areas displaying reduced shunt resistance 

appeared darker in EL imaging with the level of darkness increasing with reducing 

shunt resistance.  

2.7   Conclusion  
 

Most literature reviews of PV failures are based on the severity and frequency 

of occurrence of failures. This chapter takes a different perspective and focuses on 

failure mechanisms based on PV module components, reviewing each 

component’s vulnerability to failures. Table 2.2 compares classification 

methodology by widely-cited articles and classification methodology followed in 

this chapter.  Looking into the literature in depth allows for extracting the root 

cause of some failure and degradation mechanisms. For instance, UV, one of the 

environmental stress factors, is considered the root cause of the most common 

degradation, i.e., encapsulant EVA discolouration. Most optical failures, such as 

corrosion and delamination, are caused by EVA discolouration. Shading glass 

breakage and soldering defects can cause hotspot failure. This is applied with most 

PV degradation mechanisms; they lead to disastrous consequences, including 

human fatalities, when undetected or neglected. For this reason, the review 

emphasises the necessity of early detection of failures. Devices for detecting 

specific types of failures, such as cell cracks and hotspots, were developed. Most 

of these are costly, require more labour work and are time-consuming.  

Shunt resistance was linked with most PV failures, particularly those classified 

under the electrical category. Both EVA and shunt resistance degradations 

impacted the I-V characteristics when PV module operation entered faulty or 

degraded modes. Furthermore, I-V monitoring was considered in the literature as a 



2| A review of PV failures and degradation mechanisms  

   

 
40  

 

typical detection technique under electrical characterization. This paved the road 

for the following chapters to conduct investigations of I-V measurements under the 

two dominant causes of extreme degradations: EVA discolouration and low shunt 

resistance. Thereby allowing models to be developed in a simple, applicable, 

comprehensive, and novel way to facilitate early intervention to avoid catastrophic 

deterioration and ensure continued safe and productive operation of the PV system. 

Table 2-2  Comparison between the chapter’s classification methodology and 

some scientific articles’ classification methodology in the PV area. 

Scientific Articles 

versus Existing Work 
Classification Methodology 

Köntges et al. [110]. The time when failures and degradation often occur.  

Jordan and Kurtz [52]. 

Based on the severity ranking of PV failure or 

degradation mode where 1 referred to no effect on PV 

system and 10 referred to harmful effect on PV power 

and safety.    

Pillai and  Rajasekar 

[47]. 

Based on failures due to environmental stress factors 

and failures that physically appeared in the PV module. 

Madeti and Singh [141]. 
Permeant failures such as delamination of EVA 

encapsulant versus temporary failures such as shadings 

from snow or dust covering. 

Existing Work  
Failure mechanisms based on PV module components, 

reviewing each component’s vulnerability to failures. 
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3 Chapter 3| Early prediction of EVA Degradation in 

PV Modules from Short-Circuit Current 

Measurements 

 

In Chapter 2, the literature review illustrated that most optical failures are 

caused by EVA degradation, which emerged as discolouration. The 

experimental studies have shown that significant reduction in the optical 

transmission due to EVA degradation leads to loss in short-circuit current and 

the available power by more than 50%. Accordingly, this chapter uses an 

electrical circuit simulator (SPICE) to evaluate the short-circuit current 

obtained from I-V measurements under varying optical transmission caused by 

EVA discolouration. A novel approach to predict the early degradation of EVA 

encapsulant was proposed by correlating EVA degradation with ISC. Results 

showed that the reduction in ISC due to EVA degradation differed from the 

reductions expected due to a spectrally-uniform reduction of the solar 

irradiance intensity. Both types of variation were linear, however, the slope due 

to EVA degradation was larger than the slope obtained for normal intensity 

variations in the solar irradiance. Therefore, the proposed model when applied, 

in conjunction with solar irradiance measurements, in monitoring system can 

predict the early onset of EVA encapsulant failure, thereby enabling 

preventative measures to be taken. 

3.1  Introduction 
 

Degradation of encapsulation occurs over time after prolonged exposure, 

typically years, of the PV module to UV light. Additional stress factors might 

expedite the degradation process, for example, degradation was observed to 

commence between 1-5 years of deployment in a humid, hot climate [190].  

However, there is not a consensus in the literature as to the time required to 

reach the failure point as it depends on several stress factors and not only UV 



3| Early prediction of EVA degradation in PV modules from short-circuit current measurements 

   

42 

 

exposure. Environmental stresses such as temperature, hailstorms, or 

sandstorms also contribute to the degradation process [80, 95].  

In general, degradation and failures appear in PV encapsulation as 

discolouration, bubbles, corrosion, and most catastrophically delamination [52, 

191, 192]. Among them, discolouration is the most common failure [72]. 

Delamination will lead to a significant reduction in absorbed light, thereby 

resulting in a dramatic reduction of short-circuit current. This, most likely, 

occurs long after the effects of discolouration have been observed. 

Pern et al. [97], demonstrated the difference in transmittance between five 

different encapsulants, some of which were exposed to natural weathering for 

more than five years. For analysis, the EVA encapsulants were classified using 

their evolving colour i.e., from yellow to dark brown, and the difference in their 

electrical performance when attached to the solar cell was compared. The first 

encapsulant was non-exposed, the second and the third encapsulants had a 

yellow-brown colour, the fourth had brown colour and the fifth had a dark 

brown colour. They also found that in discoloured EVA, the reduction of EVA 

absorption toward longer solar wavelengths did not occur homogeneously in 

the PV module, i.e., discolouration of EVA varies from one solar cell to another 

in a PV module. This forms the basis for the model presented here.   

This chapter used SPICE to model the influence of EVA degradation on the 

performance of solar cells using experimental results from Pern et al. [97]. 

Firstly, the SPICE model and its use are explained in more detail. Secondly, a 

comparison between the short-circuit current density (JSC) resulting from 

reduced transmission through degraded EVA and the corresponding JSC 

resulting from the equivalent absorbed power density from the solar spectrum 

is demonstrated. Thirdly, the results show that the differences in the slope of 

measured short-circuit current can be used as an indicator of early onset of 

degradation of the EVA. 
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3.2   Overview of the SPICE Model 

 

SPICE is a long-established tool for electrical simulation of circuits. It was 

originally established and innovated by Nagel and Pederson in 1973 [193]. 

Since then, it has been adopted into a significant number of simulations to study 

and investigate PV systems. Bhide and Bhat [194] adopted SPICE to simulate 

I-V characteristics of PV modules under different climate conditions. Due to its 

simplicity and availability of a wide range of electronic elements, it was 

adopted to simulate a standalone PV system by Castañer et al. [195]. After that 

simulation to test the quality of PV inverter signal was also carried out by 

Simmons and Infield [196].  

A study of load management conducted by Moreno et al. [197], adopted 

SPICE as conventional loads in a PV system. Castaner and Silvestre [5], who 

published many studies about PV simulations via SPICE, authored a book that 

demonstrated the adaptation of SPICE to modelling solar cells and modules. 

The approach outlined in that book has been adopted to the specific problem of 

modelling the effects of reduced optical transmission through the encapsulant.  

The SPICE model has followed the three steps to determine the effects of 

encapsulant discolouration: 

Step.1: Calculation of the transmitted solar spectrum, which was obtained by 

multiplying the transmittance of the EVA by the AM1.5G solar spectrum.  

Step.2: Simulation of the short-circuit current density, generated from the 

calculated solar spectrum from Step 1. 

Step.3: Using the simulated short-circuit current density obtained in Step 2 to 

simulate the solar cell’s I-V curve.  

The simulation informed the effects of encapsulation degradation on the PV 

module performance and may be used to identify early-onset degradation of the 

EVA. 
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3.2.1 Standard Solar Spectrum (AM1.5G) 

 

The standard spectrum for PV terrestrial applications is set for air mass 1.5 

[198-200]. Air mass is defined in [[201],p.1] as “the path length of the direct 

solar beam through the atmosphere” and can be calculated as shown in Eq. (3.1) 

[5] following formula: 

𝐴𝑀 =
1

cos 𝜗z
 

 (3.1) 

      Where 𝜗z is the zenith angle. Using SPICE, the standard AM1.5G spectrum 

was taken from Hulstrom et al. [202] and written as a Piecewise linear (PWL) 

source sub-circuit by Castaner and Silvestre [5]. In SPICE the PWL source 

simplifies the simulation parameters in one source. Thus, changes in any of the 

source’s parameters will be reflected in the simulation results. As mentioned 

earlier, when optical transmission properties degrade, the PV module will 

absorb less of the solar spectrum at specific wavelengths. Such a scenario can 

be simulated by reducing the intensity of some of the wavelengths in the solar 

spectrum. A greater degradation in the encapsulant will lead to a reduction in 

the intensity of the transmitted spectrum to the solar cells. 

      Figure 3.1 shows the difference between the standard AM1.5G spectrum 

and the standard spectrum when reduced uniformly by 10% across all 

wavelengths. The resulting solar irradiance decreases from 994.5 Wm-2 to 

895 Wm-2, where the total irradiance can be calculated by using numerical 

integration of the spectrum from Eq. (3.2): 

 

∫ 𝑓(𝑥) 𝑑𝑥 ≈ (𝑏 − 𝑎)
∫ 𝑓(𝑎) + ∫𝑓(𝑏)

2

𝑏

𝑎

 
(3.2) 



3| Early prediction of EVA degradation in PV modules from short-circuit current measurements 

   

45 

 

Figure 3.1 Simulation of the standard solar spectrum AM1.5G on earth, and 

standard solar spectrum with a 10% reduction. 

3.2.2 Short Current Density, JSC 

 

A solar cell is a semiconductor diode with p-type and n-type doped regions 

that generate electricity from the absorption of light [5, 203, 204]. Depending 

on the type of semiconductor used, the properties of light reflection and light 

absorption vary, and they depend on many factors summarised in  Eq. (3.3), 

and Eq. (3.4) [5]. Indeed, these factors determine the amount of generated 

photocurrent by the semiconductor and, hence the amount of energy produced 

[5].  
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Typically, in a solar cell, the p-type material is identified as the base and 

the n-type material is called the emitter, and the short-circuit current densities 

of each are calculated using  Eq. (3.3) and Eq. (3.4) [5] below: 

𝐽𝑠𝑐𝐸(𝜆) =
𝑞𝛼𝜙0(1 − 𝑅)𝐿𝑝

(𝛼𝐿𝑝)
2
− 1

  

[
 
 
 

−𝛼𝐿𝑝e−𝛼𝑤𝑒  

+

𝑆𝑒

𝐿𝑝

𝐷𝑝
+ 𝛼𝐿𝑝 − e−𝛼𝑊𝑒 (𝑆𝑒

𝐿𝑝

𝐷𝑝
𝐶ℎ

𝑊𝑒

𝐿𝑝
+ 𝑆ℎ

𝑊𝑒

𝐿𝑝
)

𝐶ℎ
𝑊𝑒

𝐿𝑝
+ 𝑆𝑒

𝐿𝑝

𝐷𝑝
𝑆ℎ

𝑊𝑒

𝐿𝑝 ]
 
 
 

 

 

 

(3.3) 

𝐽𝑠𝑐𝐵(𝜆) =
𝑞𝛼𝜙0

′(1 − 𝑅)𝐿𝑛

(𝛼𝐿𝑛)2 − 1
[−𝛼𝐿𝑛

−
𝑆𝑏

𝐿𝑛

𝐷𝑛
(𝐶ℎ

𝑊𝑏

𝐿𝑛
− e−𝛼𝑊𝑏) + 𝑆ℎ

𝑊𝑏

𝐿𝑛
+ 𝛼𝐿𝑛e−𝛼𝑊𝑏

𝐶ℎ
𝑊𝑏

𝐿𝑛
+ 𝑆𝑏

𝐿𝑛

𝐷𝑛
𝑆ℎ

𝑊𝑏

𝐿𝑛

] 

 

 

(3.4) 

 

      Where 𝐽𝑠𝑐𝐸(𝜆) is the spectral short-circuit current density at the emitter and 

𝐽𝑠𝑐𝐵(𝜆) is the spectral short-circuit current density at the base, both measured 

in A cm-2 nm−1 .   𝑊𝑏  and 𝑊𝑒  are the thickness of the base and the emitter 

respectively, both measured in centimetres.  R is the reflection coefficient, 

while 𝛼  is the absorption coefficient measured in cm−1 . 𝜙0 and ϕ0
′  are the 

photon spectral flux at the emitter surface and the base-emitter respectively and 

have units of photons cm−2µm−1 s−1.  𝐿𝑛 and 𝐿𝑝 are the length of electron and 

the hole diffusion at the emitter and base layers and both are measured in 

centimetres. 𝐷𝑛  and 𝐷𝑝 are the constant diffusion for the base and the emitter 

respectively, both measured in cm2 s−1 . Both 𝑆𝑒  and 𝑆𝑏 represent the 

recombination velocity at both sides of the emitter and base. They are also 

measured in cm2 s−1.  
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      In the simulation, the SPICE model was created based on the physical 

properties of silicon. PSpice version 17.2-2016 and LtSpice version XVII 

17.0.0.11, (Analog Devices, USA) were used to run the simulations. To verify 

the SPICE model for silicon, PC1D software was also used. PC1D is a program 

developed and supported by the University of New South Wales in Australia 

that numerically determines the photo-response of a silicon solar cell [205]. 

When the absorption and reflection properties of silicon are calculated, they 

have then gathered along with the solar spectrum in a SPICE Piecewise Linear 

source to accurately simulate the spectral short-circuit current density. 

      Once light strikes a silicon solar cell, it generates photocurrents at both sides 

of the diode emitter and base which, when added, determine the total short-

circuit current density of the cell. Consequently, the total spectral short-circuit 

current density is the sum of spectral short-circuit current densities at the 

emitter and base sides as seen in Eq. (3.5) [5]. 

𝐽𝑠𝑐𝜆 = 𝐽𝑠𝑐𝐸𝜆 + 𝐽𝑠𝑐𝐵𝜆 (3.5) 

      To find the total short-circuit current density, the sum of spectral short-

circuit current densities must be integrated throughout all wavelengths as 

described in Eq. (3.6) [5]: 

𝐽𝑠𝑐 = ∫ 𝐽𝑠𝑐𝜆

∞

0

d𝜆 = ∫ (𝐽𝑠𝑐𝐸𝜆 + 𝐽𝑠𝑐𝐵𝜆)
∞

0

d𝜆 
(3.6) 

3.2.3 Current-Voltage (I-V) Characteristic of a Solar Cell 

 

By modelling the current density that is generated, this can be then inserted 

in a PSpice model as a voltage-controlled current source (G-device) modified 

by the incident solar irradiance: 

𝐺𝑖𝑟𝑟𝑎𝑑 =
𝐽𝑠𝑐𝐴

1000
. 𝐺 

(3.7) 
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      Where G is the incident irradiance in Wm-2, and A is the solar cell area in 

cm2. The equation uses the standard test condition for PV cells (STC), 

(AM1.5G spectrum, temperature at 25OC, and irradiance at 1000 Wm-2).  

      However, to make a realistic model, all other parameters of the solar cell 

are considered. This is attained by using a PSpice sub-circuit to break the solar 

cell’s equivalent circuit into three nodes; the first two nodes are the input nodes 

that consider the short-circuit current density, the dark current density (J0), the 

recombination dark current density (J02), irradiance (G), shunt resistance, and 

series resistance while the third node is the reference node. The irradiance 

represents the source that contains the two dark current densities (I0), and (I02) 

subtracted from the photo-generated current (IL) as seen in  Eq. (3.8) [5]: 

𝐼 = 𝐼𝐿 − 𝐼0 (𝑒
𝑣+𝐼𝑅𝑠
𝑛𝑉𝑇 − 1) − 𝐼02 (𝑒

𝑉+𝐼𝑅𝑠
2𝑉𝑇 − 1) −

𝑉 + 𝐼𝑅𝑠

𝑅𝑠ℎ
 

(3.8) 

Where 𝑉𝑇 is the thermal voltage measured in volts. 

 To sum up, the model considers all solar cell parameters and encapsulant 

degradation can be simulated by decreasing the short-circuit current density 

proportional to the reduction in the optical absorption caused by the encapsulant 

degradation.  

3.3  Simulation of EVA Degradation  
 

In SPICE, scenarios of EVA degradation can be simulated by reducing or 

blocking some irradiance’s wavelength as shown in Figures 3.2 and 3.3. These 

figures are two examples of the standard spectrum with blocking some of the 

wavelength range. 

As can be seen in Figure 3.2, the visible wavelength ranges from 0.520 µm 

to 0.590 µm have been partially or entirely blocked. It is found that blocking of 

0.010 µm resulted in 30 Wm-2 loss in irradiance, a 0.03% loss of power, 

whereas blocking 0.080 µm of wavelengths caused a 10% power loss. The 

effect of power losses on I-V curves can be simulated following the steps 
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described in Section 3.2. The power loss in Figure 3.2 can be calculated from 

Eq. (3.2). 

Figure 3.2 Standard solar spectrum with an obstructive wavelength from 

0.523 µm to 0.530 µm. 

∫ 1000𝑑𝜆 = 0.007𝑥1000

0.530

0.523

 

As a result, 7 Wm-2 from irradiance was not absorbed and lost.   

      In Figure 3.3 scenario, the wavelengths from 0.523 µm to 0.603 µm were 

blocked. As a result, 80 Wm-2 of irradiance was not transmitted.  

      These two figures are presented as an example of the technique used to 

simulate the EVA degradation. Next, this section demonstrates the steps 

followed to simulate the EVA degradation following the results obtained 

experimentally from Pern et al. [97].   
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3.3.1 Transmittance Extraction from Experimental Data 

 

Figure 3.4 Transmittance for the five different encapsulants adapted from 

[97], with extracted transmittance data-points using Engauge Digitizer. Note: 

extraction below 300 nm was not carried out as these wavelengths are not 

absorbed by the silicon solar cell. 

Figure 3.3 Standard solar spectrum with an obstructive wavelength from 

0.533µm to 0.603 µm.  
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The experimental data used in this simulation study was extracted in Figure 

3.4 of Pern et al. [97]. In their figure, they displayed the transmittance for five 

degraded EVA encapsulants based on their colours. Samples 1, 4, and 5 were 

laminated in two glass plates and exposed to an RS4 sun lamp at 90oC for 1600 

hours. Samples 2 and 3 were taken from weathered PV modules. Extracting the 

data points of the five EVA encapsulants was completed using the Engauge 

Digitizer Software Program Version 10.11 as shown in Figure 3.4. After 

obtaining the transmittance for each EVA type, these were then multiplied by 

the solar spectrum to obtain the modified received spectrum, and hence the 

expected short-circuit current density for each, as explained in Section 3.2.2.    

However, this experimental data extends only as far as 800 nm with no 

information about the effective change in transmittance from 800 nm to 

1100 nm. King et al. [60] conducted another study where the variation in 

transmittance between 800 nm and 1100 nm appeared less than 1% and thus 

transmittance changes over this wavelength range are considered negligible in 

this study. Taking into consideration Cases 4 and 5 in Figure 3.4, representing 

a worst-case change in transmittance of up to 12% over this wavelength range 

would result in an output current density increase from 17.98 mA cm-2 to 18.4 

mA cm-2, representing an error of 2.8%, which is sufficiently small that it is 

ignored in this study.  

       In addition, this model considers only a uniform reduction in transmittance 

across the cell. Further consideration should be given to situations where the 

discolouration is not uniform, for example, due to photobleaching. This is 

beyond the scope of the current model. 

3.3.2 Simulation of Solar Spectrum for the Five Encapsulant  

 

After obtaining transmission spectra for the five degradation scenarios of 

EVA, these were multiplied by the AM1.5G solar spectrum before being used 

in the simulation. The transmitted solar spectra are shown in Figure 3.5 
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Figure 3.5: Six simulated solar spectra demonstrating the degradation of EVA 

encapsulant expected from Pern et al. [97]. 

3.3.3 Simulation of the Short-Circuit Current Densities 

 

Using the transmitted solar spectra, the short-circuit current densities for 

the five degraded encapsulants are calculated. The Jsc is found from the 

wavelength integral of the spectral short current density. Simulating the 𝐽𝑠𝑐𝜆 

based on the photon wavelength is easily achieved using SPICE, as seen in 

Figure 3.6. As a result of the 𝐽𝑠𝑐𝜆 simulations, it is observed from Table 3-1 that 

the value of Jsc for the two yellow-brown encapsulants differs only slightly. 

This is shown in Figure 3.6, where the 𝐽𝑠𝑐𝜆  curves for these two cases are 

overlapping. This shows that even if the transmittance spectra for yellow-brown 

encapsulants differ, they end up generating nearly the same short-circuit current 

density.  
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Figure 3.6: Simulation of the spectral short-circuit current density for the 

unexposed and four degraded encapsulant scenarios. 

3.3.4 Simulation of the I-V Curves for the Five Degraded 

Encapsulant Scenarios 

 

After finding the value of short-circuit current density for each degraded 

encapsulant in a PV solar cell, it is now possible to simulate the I-V curves by 

inserting these values into the SPICE code as explained in Section 3.3.3.  

Table 3-1 Values of the short-circuit current density for the five encapsulant 

scenarios. 

Encapsulant Colour Jsc (mA cm 2) 

Unexposed Encapsulant 30.34 

Yellow-Brown-1 Encapsulant 28.09 

Yellow-Brown-2 Encapsulant 28.2 

Brown Encapsulant 23.53 

Dark Brown Encapsulant 17.98 
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      The code considers STC for photovoltaic modules by specifying the 

irradiance to be 1000 Wm-2. It includes the calculated parameters for silicon 

properties, and the solar cell’s parameters are benignly inserted including the 

Jsc, Rs, Rsh, J0, and J02 values. Figure 3.7 shows the generated I-V curves for 

each encapsulant degradation scenario. 

Figure 3.7: Simulation of the I-V curves for the five encapsulant scenarios. 

      Once the I-V curves are generated, other values of short-circuit current, 

open-circuit voltage, and maximum-power output, can be extracted and 

compared. It is worth mentioning that Pern et al.  [97], had attached the 

discoloured encapsulants onto reference PV solar cells to compare their 

electrical performance.  

      However, it was not claimed or clarified in their study whether they 

attached the same encapsulants used to obtain the transmittance measurements 

in their Figure. Even without this clarification, the SPICE simulation here can 

still be compared to their results because they stated the difference in 

maximum-power output percentage between clear and coloured EVA. 
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3.4  Results and Discussion  
 

This section compares the generated parameters obtained from the 

simulation of five EVA degradation scenarios, proceeding with the 

mathematical analogy to explore the possibility of developing a model that can 

detect the onset of optical degradation represented by EVA discolouration.  

3.4.1  Correlations Between EVA Transmittance and Electrical 

Parameters 

 

Table 3-2  Value of Isc, Voc, and Pmax for the five encapsulant degradation 

scenarios along with a further 5%, and 10% reduction in the dark encapsulant 

transmittance, and their ratio relative to the unexposed EVA values. 

Encapsulant 

Colour 
Isc 
(A) 

Ratio 

to Isc  

G  

(Wm-2) 

Ratio 

to G  
VOC 
(mV) 

Ratio 

to VOC 
Pmax 
(W) 

Ratio 

to 
Pmax  

Unexposed 

Encapsulant 
3.84 1.00 942 1 565 1 1.78 1 

Yellow-

Brown 1 
3.57 0.930 885 0.939 563 0.996 1.646 0.924 

Yellow-

Brown 2 
3.55 0.924 879 0.934 562 0.995 1.628 0.914 

Brown 2.97 0.776 746 0.792 558 0.988 1.363 0.765 

Dark Brown 2.27 0.593 588 0.624 550 0.973 1.022 0.574 

Dark Brown 

-5% 
2.05 0.532 563 0.598 549.7 0.973 0.98 0.55 

Dark Brown 

-10%  
1.94 0.503 544 0.577 546.7 0.967 0.865 0.486 

 

For the purposes of the simulation, the solar cell surface area was taken as 

126.6 cm2 and Jsc was 0.0323 A cm 2. The simulation did not consider the cell 

parameters used by Pern et al. [97] but only considered the optical transmission 
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figure presented. It is the relative change in Pmax from the Pern study that 

matches those presented here in this study.  

From Table 3-2, it is shown that Pmax is reduced by more than 50% if the 

spectrum of the dark brown EVA is further reduced by 10%. The addition of 

simulated data points for reduced transmittance of 5% and 10% from dark 

brown have been included to take the cell to a reduction of Pmax by more than 

50% and thereby to a point of failure. The reduction in the absorbed solar 

spectrum is directly proportional to the reduction in the EVA’s transmittance. 

The short-circuit current, open-circuit voltage, maximum power output, and fill 

factor were compared as a function of transmitted solar irradiance as shown in 

Figure 3.8. 

Figure 3.8: Relationships between received solar irradiance via encapsulant 

degradation scenarios and electrical parameters of the solar cell. The short-

circuit current, maximum power output, and open-circuit voltage were 

normalized relative to their value in the unexposed EVA degradation scenarios 

and electrical parameters of the solar cell. 

These findings, where Isc changes significantly, and where VOC is only 

slightly affected, agree, unsurprisingly, with the findings in the experimental 

results reported by Pern et al. [97]. However, the simulation does allow 
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quantification of the rate of reduction in transmitted light with increased EVA 

degradation and it is this the slope that can be used to determine early onset 

degradation, as will be shown later. 

3.4.2 Simulation Verification Using the PC1D PV Modelling 

Software 

 

Figure 3.9: I-V curves generated from a solar cell with five encapsulant 

scenarios simulated in the PC1D modelling program. 

      For validation purposes, the encapsulant degradation scenarios were also 

simulated using the PC1D simulator. Since it was found from the previous 

section that the variation in short-circuit current is the strongest measurable 

indicator of the EVA degradation, the comparison is based on the generated Isc 

values from both the SPICE and the PC1D models. In PC1D, the solar cell used 

in the simulation was a default cell named PVCEll.PERN. The solar spectra 

that were simulated for EVA degradation scenarios in SPICE were also used to 

run the simulations in PC1D.  
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Table 3-3 Comparison between the generated Isc from PC1D and SPICE for 

the five EVA degradation scenarios. 

 

      It is not mentioned in the PC1D’s manual book that using the standard 

spectrum is restricted only in the file given by PC1D. Therefore, the solar 

spectra that were simulated and reduced in the SPICE modelling program used 

for the five encapsulant degradation scenarios, were also used to generate the 

I-V curves of the five encapsulant scenarios but in PC1D. The simulation results 

from PC1D can be found in Table 3-3.  

      As can be seen, the generated short-circuit current derived from PC1D 

corresponds favourably to the values obtained using SPICE. 

3.4.3 Modelling the onset of EVA degradation  

 

      Any reduction in the absorbed solar irradiance results in a reduction in the 

short-circuit current. Where there is a spectrally neutral reduction in solar 

irradiance, due for example to seasonal variations in intensity, there is a reliably 

determined value for short-circuit current. In cases where a short-circuit current 

value is measurably lower than expected from independently measured solar 

irradiance, the EVA degradation process may have begun. 

      It is noted that Isc is also reduced via other factors such as dust 

accumulation, corrosion, and delamination. Hence, a single reduction of short-

circuit current at a particular solar irradiance cannot be used as a decisive 

technique for the detection of EVA degradation. In Figure 3.10, eight data 

Encapsulant Degradation Scenario Isc (A) PC1D  Isc (A) SPICE 

Unexposed EVA 3.84 3.84 

Yellow-brown 1 3.57 3.57 

Yellow -Brown 2 3.55 3.55 

Brown 2.97 2.98 

Dark Brown 2.27 2.28 
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points showing different stages of EVA degradation are additionally plotted, 

demonstrating a linear relationship between the short-circuit current and 

transmitted solar irradiance reduced by EVA degradation. This linear 

relationship provides, through measurement of the slope, an accurate technique 

to determine the onset of EVA degradation in a way that a single measurement 

of short-circuit current cannot.  

     The eight more points of encapsulant degradation were not added arbitrarily. 

They followed the same degradation trend of the given experimental data from 

Pern et al. [97]. A difficulty, in this case, is that the solar spectrum was not 

reduced uniformly, i.e., the energy produced at some wavelength point was 

reduced by 10% others reduced by 30%.  

     To overcome this obstacle, the reduced percentage for each wavelength 

point was calculated independently for accurate estimation. The points below 

illustrate the estimation method: 

1) The reduced percentage for each wavelength-point of the solar spectrum 

due to EVA discolouration was reduced or increased in accordance with 

Table 3-4. 

2) The reduced or the increased percentage for each wavelength point was 

multiplied by the standard solar spectrum AM1.5G. 

3) After obtaining the reduced or increased values for all the wavelength 

points, they were then inserted in the SPICE simulation program to 

generate the new solar spectrum curve. 

4) The solar spectrum for each new data point was integrated to calculate 

the solar irradiance. It was also used to generate the short-circuit current 

density which in turn was used to generate the I-V curve. This point and 

point 4, are a redoing of the steps explained in Section 3.2, but for the 

new solar spectra subjected to encapsulant degradations.   
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5) The new eight-date points of the encapsulant degradation that were 

added are listed below: 

A.  3% and 6% less degradation points of the yellow-brown1 (Y-B1) 

encapsulant. 

B.  10% and 15% more degradation points of the yellow-brown2 (Y-

B2) encapsulant 

C. 8% and 16% more degradation points of the brown encapsulant. 

D. 5%, and 10% more degradation points of the dark brown (DB) 

encapsulant which were added earlier in Table 3-2. 

     In deployed PV plants, instruments that measure electrical parameters and 

solar irradiance are regularly installed to monitor the system [206-208]. The 

measured data is collected and stored as part of the Data Acquisition System. 

This can be compared to a linear model relating solar irradiance to measured 

and expected short-circuit current. The slope of the linear fit can be used as a 

control model to observe the EVA condition. 

      Routinely, new data is collected for short-circuit current at the same 

irradiance level, and if the new linear fit shows an increased slope over that 

expected for normal irradiance changes, it can be determined that the EVA 

degradation process has begun.  

      As can be seen in Figure 3.10 normal (uniform) reductions in solar 

irradiance when correlated with the generated Isc have a different slope to the 

one that demonstrates EVA degradation. Based on this deviation from the 

expected slope the early onset of EVA degradation can be predicted even before 

yellowing is observable. 
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Table 3-4 Short-circuit current relative to the unexposed encapsulant. 

Encapsulant 

Colour 

Solar 

Irradiance 

(W m-2) 

Received 

solar 

irradiance 

relative to the 

unexposed 

EVA 

Isc 

(A) 

Generated 

Isc relative 

to the 

unexposed 

EVA 

Unexposed EVA 942.3 1 3.85 1 

Y-B1 +6% 926.6 0.983 3.77 0.979 

Y-B1 +3% 905.9 0.961 3.66 0.95 

Y-B1 885.1 0.939 3.57 0.927 

Y-B2 879.8 0.934 3.55 0.922 

Y-B2 -10% 811.1 0.861 3.21 0.833 

Y-B2 -15% 777.9 0.826 3.03 0.787 

Brown  746.6 0.792 2.97 0.771 

Brown -8%  702.3 0.745 2.74 0.712 

Brown -16%  657.9 0.698 2.49 0.647 

Dark Brown (DB) 588.4 0.624 2.27 0.59 

DB -5% 563.9 0.598 2.05 0.532 

DB - 10%  544.4 0.577 1.94 0.503 
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Figure 3.10 Linear fit models between the solar irradiance and the generated 

short-circuit current for EVA degradation Vs normal change of solar 

irradiance started from the same irradiance EVA received when it was clear. 

When the Pmax falls below 50% of the original power the cell is considered to 

have failed. 

       It could be argued that due to EVA discolouration series resistance will be 

increased in the PV module and as a result, the short-circuit current will be 

affected. Consequently, the proposed linear fit model is neither accurate nor 

effective. For example, Sinha et al. [175] found that the series resistance 
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increased by roughly 80% in discoloured PV module that was deployed for 20 

years. 

      The increase in series resistance of PV module degraded by EVA 

discolouration is due to corrosion of the metallic bond caused by the release of 

EVA’s acetic acid [75, 175].  Corrosion causes an increase in series resistance, 

but this will not be reflected in changes to the ISC until the series resistance has 

been increased by a factor of 10 [188, 209]. In a study by Dechthummarong et 

al. [98], corrosion was not detected in light yellow discolouration but was 

detected from dark yellow to dark brown discolouration. It has been 

demonstrated elsewhere [190] that the mean increase in series resistance due to 

corrosion is a factor of 8.5. This has also been simulated in SPICE.  

Thus, this expected change in series resistance caused by corrosion will not 

significantly affect the model presented in this thesis. 

3.5  Conclusion 
 

Most commercial solar cell manufacturers continue to use EVA as an 

encapsulant, despite its vulnerability to UV degradation over the operating life 

of the cells, resulting in reduced power output and even complete failure of 

modules. The literature review in Chapter 2 showed that most of the studies 

report results of lab experiments via exposing the EVA encapsulant to different 

stress factors. Some studies had found that EVA degradation starts before the 

colour alters to yellow and becomes more severe once the colour changes to 

brown. This chapter focused on the simulation of such scenarios based on 

encapsulant discolouration, and hence optical transmission.  

Due to a lack of sufficient studies that investigate the I-V parameters due to 

EVA discolouration, this chapter focuses on investigating these parameters. 

Each encapsulant colour generated a different I-V curve when attached to a 

solar cell and delivered a different Pmax. Table 3-5 compares the approach used 
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by widely-cited EVA discolouration articles and the approach followed in this 

chapter.  

Table 3-5 The approach used by widely-cited EVA discolouration articles and 

the approach followed in this chapter. 

Scientific 

Articles versus 

Existing Work 

Approach Used 

Pern et al. [97]. Investigating the effect of five discolouration scenarios of EVA 

on solar cell efficiency, the reduction in Pmax, ISC and VOC was in 

agreement with the findings in this chapter. The fill factor was 

not evaluated.    

Pern [210]. Investigating the effect of discolouration from filed EVA as well 

as lab experiments. Parameters of the cell with degraded EVA 

scenarios (Pmax, ISC, fill factor and VOC) were not evaluated except 

for solar cell efficiency.  

Pern [211]. Investigating factors that accelerate EVA discolouration. 

Factors were summarised into two categories: chemical and 

physical. Neither EVA discolouration by chemical factors nor 

discolouration by physical factors’ effects on solar cell 

parameters (Pmax, ISC, fill factor and VOC) were evaluated.  

Existing Work Simulation of EVA discolouration using SPICE software 

program. Pmax, ISC, fill factor and VOC parameters due to EVA 

discolouration were quantified.  Results were employed to 

develop a novel model that detects the early onset of EVA 

discolouration.  

  

A novel method has been proposed whereby the slope of the linear 

relationship between the degree of EVA degradation and the corresponding 

short-circuit current is compared to the slope expected in the case of uniformly 

reduced optical transmission. The application of this model requires the use of 

monitoring devices to determine the local solar irradiance thereby 

differentiating between generated Isc and expected Isc. However, the model 

accuracy may reduce in the case of shading, a PV failure classified in the 

electrical category [50]. Hence, shading and most electrical failures are linked 

with low shunt resistance. In this regard, the following two chapters investigate 

the effect of shunt resistance in PV cells and modules. 
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4 Chapter 4 | Early Prediction of Shunt Resistance 

Degradation in PV Modules 

 

In Chapter 2, the scientific literature presents many studies that evaluate shunt 

resistance at PV failure modes, mainly failures categorised in the electrical group 

such as shading. However, only a few studies employed shunt resistance to predict 

PV malfunction. Thus, this chapter investigates the effect of reduced shunt 

resistance on the I-V characteristics of a PV cell to identify degradation before it 

becomes hazardous. Five commercial polycrystalline solar cell samples were 

measured with artificially lowered shunt resistance. Reduction in shunt resistance 

is correlated with the cell’s electrical parameters to predict degradation before it 

leads to catastrophic failures. Linear models have been developed relating 

reduction in shunt resistance to the solar cell’s Pmax and VOC. As with the proposed 

model in Chapter 3, these relationships are suitable for implementation in online 

monitoring systems for operational PV modules as robust indicators and observers 

of shunt resistance degradation.   

4.1  Introduction  
 

A solar cell can be modelled as an ideal p-n junction diode with series 

resistance and shunt resistance. The solar cell performs more efficiently with large 

shunt resistance, ideally infinite, and low series resistance, ideally zero. Otherwise, 

a reduction in the shunt resistance over time can lead to cell and module 

degradation, resulting ultimately in module failure [130][147-151]. Chapter 2 

showed that most PV failures, specifically classified in the electrical group by 

Tsanakas et al. [58], are associated with low shunt resistance e.g., [156-160]. This 
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is the first study, to the authors’ best knowledge, which experimentally investigates 

the effects of decreased shunt resistance on cell operating parameters; short-circuit 

current, open-circuit voltage, maximum power output, and fill factor, using Rsh to 

indicate the early onset of critical PV degradation. We have identified a key 

threshold of shunt resistance, at which corrective action should be taken by 

photovoltaic system operators to avoid the development of catastrophic failures. A 

linear model has been developed which allows this degradation to be monitored in 

terms of key operational parameters. This can be applied to operational 

photovoltaic systems even under varying levels of solar irradiance in order to 

improve the reliability of operational solar photovoltaic systems. 

In this chapter, the shunt resistance is modified using fourteen different resistor 

values on five separate samples of polycrystalline cells. Artificially lowering Rsh is 

one technique to help understand the solar cell’s behaviour, allowing observation 

of the I-V characteristics as the critical degradation mechanism initiates. 

Experimental setup and procedure to reduce the shunt resistance and extract its 

value are described in Section 4.2. Section 4.3 quantifies any errors that possibly 

arise during the experiment to be taken into account. Section 4.4 describes the 

results of the shunt resistance’s effect on the cells’ I-V curve, helping develop linear 

models to predict the early onset of PV critical degradation. 

4.2  Experimental Procedure    
 

      A Newport Solar Simulator Model No. Sol1A with a Xenon lamp was used to 

illuminate the solar cell surface consistent with the AM 1.5G irradiance. The 

Xenon lamp current was adjusted to set the irradiance at 1000 ± 45 W m-2. A solar 
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cell housing was constructed to stabilise the solar cell inside the solar simulator. 

Figure 4.1 shows the designed solar cell housing, drawn using Autodesk Fusion 

360 [212].  

      The measurements started at 0.0 V and ended at 0.6 V with a sequence reading 

of 0.01 V. The open-circuit voltage of the solar cell is determined when the current 

is at 0 A, (Voc,0), and the short-circuit current is determined when voltage is at 0 V, 

(0, Isc). The other parameters of the solar cell, maximum voltage, and current, 

maximum power output, and fill factor, were calculated and extracted using 

Microsoft excel and Python Software Program-Spyder 4.2.5. Figure 4.2 shows the 

experiment setup using the Keithley source meter to take measurements of the solar 

 

Figure 4.1 Solar cell housing designed using Autodesk Fusion 360 
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cell electrical parameters as well as some resistors that were added to the solar 

samples to decrease the shunt resistance.  

 
 

0.98 (Ω) 0.33(Ω) 1.33 (Ω) 

   

0.59 (Ω) 0.76 (Ω 1.94 (Ω) 

  

 

 

Figure 4.2   Newport Sol1A, solar simulator along with Keithley Source Meter used 

to take measurements of the electrical parameters of the solar cell samples and some 

resistors that were added in parallel to the shunt resistance.  
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      Whenever the solar cell or resistor was changed, the resulting disturbance 

caused an average of 4.5% fluctuation in solar irradiance. The housing consists of 

two main components: a metal base and a black PVC lid that establishes the active 

cell area 12 cm in length and 5 cm in width, exposing 60 cm2 of the solar cell’s 

surface area to light. The metal base made electrical connection with the solar cell's 

P-type layer on the rear surface of the solar cell. A conductive bolt soldered to the 

front surface busbar on the cell allowed electrical contact with the n-type terminal 

on the front surface.  

      The shunt resistance value was extracted using the mathematical model 

provided by Chan et al. [213]. Despite the experiment followed a simple way, it 

was set in an optimum design to precisely reach robust results: 

Firstly, measurements were conducted on five separate solar cells, each adjusted 

using the same set of resistor values to vary the shunt resistance of the cell and to 

ensure steady results across all solar cell samples. Thereby, discovering the nature 

of poly-crystalline cell with low shunt resistance.  

Secondly, each measurement was made ten times and averaged for each resistor 

value to account for measurement errors. 

Thirdly, after measuring and recording the output data of the five samples, 

measurements of Sample 2, Sample 3, and Sample 5 were repeated after had been 

saved for four weeks in the lab to verify that they produce the same results. This 

assists to determine the shunt resistance level that indicates the onset of critical 

degradation. The same procedure used in the first measurements had been followed 

in the second measurements, attaching fourteen resistors from 9.88Ω to 0.33Ω in 
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parallel to the shunt resistance, each resistor had been measured 10 times, and the 

mean values were calculated. 

Fourthly, to investigate the effect of reducing shunt resistance on different solar 

cell surface areas, one additional plastic cover with window dimensions of 

5.30 cm × 8.50 cm was used, making the exposing surface area to become 

42.5 cm2. This provided another verification that the obtained experiments' results 

were accurate. 

Finally, irradiance and temperature fluctuations were investigated and taken into 

account. 

4.2.1 Adding External Resistance in Parallel to the Shunt Resistance 

 

The study is motivated by Ohm’s law whereby adding resistors in parallel 

reduces the overall resistance. An external resistor was connected between the solar 

cell’s positive and negative terminals and held stable via conductive clamps. The 

resulting equivalent circuit of the single diode model of the solar cell has the shunt 

resistance divided into two components, as illustrated in Figure 4.3, with the 

resultant shunt resistance calculated using Equation 4.1.  

      Resistors with values from 97 Ω down to 0.33 Ω were successively added to 

the 1st cell sample. The resistor values that showed a significant impact on the 1st 

cell’s electrical characteristics were used for the other four samples. 

 Fourteen significant resistor values were identified, ranging from 9.88 ± 0.10 Ω 

to 0.33 ± 0.07 Ω. They were measured using a digital programmable multimeter 

(Thurlby Thandar Instruments (TTI), model No. 1705). 
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Figure 4.3 The equivalent circuit of the solar cell’s single-diode model, modified 

by adding a resistance Rsh2 in parallel with the cell’s internal shunt resistance 

Rsh1. 

𝑅𝑠ℎ = 
𝑅𝑠ℎ1 × 𝑅𝑠ℎ2

𝑅𝑠ℎ1+ 𝑅𝑠ℎ2
                                                                        

 (4.1) 

 

    The measurements were repeated using two other multimeters of the same type 

to statistically account for calibration errors. As the TTI uses a Two-Wire 

Resistance Measurement method, the measurement was repeated using the Four-

Wire Resistance Measurement method using a Keithley Source Meter Model No. 

2400 to eliminate errors due to the measurement wire resistance [214]. A constant 

difference of 0.10 Ω was observed between the two-wire and four-wire 

measurements and the two-wire resistor values were adjusted accordingly. Table 

4-1 lists the resistors added parallel with the cells’ internal shunt resistance 

samples. 
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Table 4-1 The resistors' mean values (MV) that were added to the solar cell’s 

samples, with the resulting total shunt resistance.  

Added Shunt 

Resistance 

Rsh2 (Ω) 

Total Shunt Resistance Rsh for Each Sample  

(Ω cm2) 

Sample 1 Sample 2 Sample 3 Sample 4 Sample 5 

9.88 ±0.10 509.70 516.22 544.35 504.32 541.37 

7.88 ±0.08 418.39 422.78 441.46 414.76 439.50 

6.31 ±0.05 342.90 345.83 358.24 340.45 356.94 

4.64 ±0.11 258.60 260.27 267.23 257.21 266.51 

3.32 ±0.06 188.85 189.74 193.41 188.11 193.04 

2.20 ±0.09 127.38 127.78 129.43 127.04 129.27 

1.94 ±0.07 112.79 113.11 114.40 112.52 114.27 

1.50 ±0.06 87.83 88.02 88.80 87.67 88.72 

1.32 ±0.07 77.51 77.66 78.27 77.39 78.21 

0.98 ±0.09 57.86 57.95 58.29 57.79 58.25 

0.76 ±0.08 45.04 45.09 45.29 44.99 45.27 

0.59 ±0.08 35.06 35.09 35.21 35.03 35.20 

0.50 ±0.07 29.75 29.78 29.87 29.74 29.86 

0.33±0.07 19.69 19.70 19.74 19.68 19.74 

 

4.2.2 Extracting the Internal Shunt Resistance 

 

 Several methods were found in the literature to extract the Rsh from an 

illuminated I-V curve. The Chan et al’s. [213] a mathematical model which was 

developed to identify the parameters of the solar cell’s single diode model at 

illumination above 1 AM was followed. Due to its simplicity and accuracy, their 

approach has been widely cited and evaluated by many researchers, e.g., [215-217]. 

From this model, the shunt resistance is equal to the slope at the ISC point identified 

as reciprocal of slope at short-circuit point (Rsho) and can be extracted by applying 

a linear least-squares fit near ISC, as seen in Eq. (4.2) [213].  
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𝑅𝑠ℎ = 𝑅𝑠ℎ𝑜 = −(
𝑑𝑣

𝑑𝐼
) ;      𝐼 = 𝐼𝑠𝑐 

(4.2) 

     It is worth mentioning that the externally added resistor primarily determines 

the overall Rsh. That is, any error in identifying the internal Rsh of the cells is 

rendered negligible by the externally added resistor. The internal shunt resistance 

of the cell samples was equal to 3636 Ω cm2, 3996 Ω cm2, 6660 Ω cm2, 

3379 Ω cm2, and 6240 Ω cm2 respectively, when calculated using Eq. (4.2).  

4.3  Effect of Irradiance and Temperature Fluctuation  

4.3.1 Effect of Irradiance Fluctuation on I-V Measurements  

  

Figure 4.4 I-V curves obtained at different shunt resistance levels with 1-2% 

limited variations of solar irradiance. 
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Fluctuation in the lamp irradiance led to fluctuations in the output currents 

resulting in an average variation of 4.5% in ISC. This also causes a variation in Pmax. 

To investigate if the variation in ISC was caused by low shunt resistance or due to 

irradiance fluctuation, the measurements of the 1st sample were repeated until the 

irradiance fluctuation was limited between 1% to 2%. The results showed that 

lowering the shunt resistance did not affect the ISC. Figure 4.4 shows six I-V curves 

obtained at limited fluctuations of irradiance.  

4.3.2 Effect of Temperature Rise on I-V Measurements   

 

The room temperature fluctuated between 23°C and 26°C during the 

measurements. The cell temperature was also affected by the heat build-up of the 

solar simulator’s Xenon lamp. To minimise these effects the ten measurements for 

each externally added resistor were completed in less than 240s, limiting the 

temperature rise to less than 3°C. Errors caused by this temperature rise were taken 

into account by measuring the 2nd sample with two different resistors in place for 

300 seconds. The temperature increased gradually with time and caused ISC to 

increase by 3.4% at most; hence, Pmax was increased slightly by about 3.37%. In 

contrast, VOC tended to decrease by less than 1.25%. These findings of ISC  

increasing and VOC decreasing when temperature rises are in agreement with those 

of Dash and Gupta [218]. Figure 4.5 shows the results from measurements taken 

for every 30 seconds of Sample 2 with 2.2 Ω attached resistor. 
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Figure 4.5  10 Measurements taken for every 30 seconds of electrical parameters of 

Sample 2 with a parallel resistor of 2.2 Ω. 
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4.4  Results and Discussion 
 

 

Figure 4.6 The mean I-V curves from 10 measurements of the second sample for 

different externally added resistors; ± standard deviation error bars were 

calculated and presented in the figure.  

      Adding the external resistors lowered the shunt resistance of all cell samples 

and altered their I-V curve characteristics substantially. Figure 4.6 shows the I-V 

curves of the second sample cell generated after lowering the shunt resistance.  

      It was noticed that significant deterioration of the I-V curve occurred after 

adding 9.88 Ω (592.8 Ω cm2), which lowered Rsh to 516.2 Ω cm2. No significant 

effect was observed on the I-V curve when Rsh was above 516.2 Ω cm2 for all five 

samples. Deterioration became more severe when the 2.2 Ω resistor was added, 

which lowered the Rsh to just above 127 Ω cm2, until the I-V characteristic 

collapsed when adding the 0.5 Ω resistor, resulting in Rsh of approximately 
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30 Ω cm2. It was observed that VOC reduced more significantly 

with reduced Rsh. ISC was more affected by irradiance fluctuations. 

4.4.1 Effect of Low Shunt Resistance on Open-Circuit Voltage, 

Maximum Output Power and Fill Factor 

 

 In contrast to the short-circuit current, the maximum power, fill factor and 

open-circuit voltage all changed in proportion to the shunt resistance. Of these 

three parameters, maximum power shows more drastic reduction. Figure 4.7 shows 

the correlation between reduction in shunt resistance and these parameters using 

Sample 2 and 5 as an example. The results were similar across all samples, 

deviating by less than 6 %. For instance, Pmax was reduced by 50% when the shunt 

resistance was approximately 30 Ω cm2 for all measured solar cells.  

The reductions in fill factor and open-circuit voltage can be correlated with 

shunt resistance levels. The initial decrease in these values follows a linear 

relationship with shunt resistance until the shunt resistance reaches around 

100 Ω cm2. At this point, the slope increases significantly indicating a severe 

degradation of the solar cell performance.  

According to the Electrical Power Research Institute [50], a photovoltaic 

module is considered to have failed when the maximum output power is 50% lower 

than the rated power. By this definition, the cells failed when the shunt resistance 

was at 29.8 Ω cm2. However, abnormal changes when Pmax was reduced by 20% 

are still noticeable and can be used as a cautionary threshold to proceed with more 

investigations of the PV system to avoid irreversible power degradation and 



4| Early prediction of shunt resistance degradation in PV modules 
   

 

78 

 

 

catastrophic failure. It is worth highlighting that a 20% reduction in output power 

was considered a failure by Jordan and Kurtz [49].  
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Figure 4.7 VOC, Pmax, and fill factor versus shunt resistance for Samples 2 and 5, 

the points represent the mean value of ten measurements. ± Standard deviation 

error bars were negligibly small and omitted from the figures. 
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     As shown in Figure 4.7, the reduction in open-circuit voltage is smaller relative 

to the reduction in maximum power, making it more difficult to observe above 

shunt resistance value of 100 Ω cm2, although the monitoring system should 

observe the changes. The reduction in open-circuit voltage becomes more obvious 

below 100 Ω cm2. 

     The fill factor follows a similar pattern to the maximum power; however, the 

fill factor is a more sensitive parameter than maximum power for detecting PV 

degradation related to the reduction in shunt resistance for two main reasons. 

Firstly, the fill factor is not affected by degradation and failure in the PV 

encapsulation, unlike Pmax [178], and secondly, the fill factor is more likely to 

reduce with shunt resistance reduction even in the presence of fluctuations in 

irradiance, i.e., some measurements with lower shunt resistance were exposed to a 

higher irradiance which increased Pmax, but the fill factor continued to reduce. For 

example, in the first sample, the irradiance measured when the shunt resistance was 

418.7 Ω cm2 was higher than that received when the shunt resistance was 

509.4 Ω cm2, giving a higher maximum power at the lower shunt resistance. By 

contrast, the fill factor decreased with reducing shunt resistance. This means that 

the fill factor is a potentially robust determinant of degradation linked to shunt 

resistance in operational modules which are subjected to constantly varying 

irradiance.   

     To conclude this section, all three parameters, open-circuit voltage, maximum 

power, and fill factor, were reduced by reducing shunt resistance. Maximum power 

was the most significantly affected parameter. However, to distinguish between 

shunt resistance degradation and other PV failure mechanisms the reduction in 

maximum power should be matched by a decrease in the fill factor and open-circuit 
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voltage. The drop in open-circuit voltage was small until the shunt resistance 

reduced below 100 Ω cm2. 

4.4.2 Verification of the Measurements 

 

Figure 4.8 Electrical parameters of the 1st and 2nd Measurements (MEAS) of 

Sample 5. Error bars refer to the difference in two experiments conditions due to 

irradiance and temperature fluctuations. 
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The second, third, and fifth samples were stored in the lab for four weeks for 

measurements repetition to verify the measurements were not arbitrarily obtained. 

The first and the repeat measurement results were matched after considering the 

errors relating to temperature and irradiance differences. Figure 4.8 shows the 1st 

and 2nd measurements of sample 5. 

4.4.3  Reducing the Surface Area of Solar Cell 

Figure 4.9 Electrical parameters of Sample 3 with a reduced surface area of 

42.5 cm2. 
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As shunt resistance is multiplied by the surface area, it increases in larger cells 

and decreases in smaller cells. Thus, the expected results of lowering shunt 

resistance in larger solar cells should be less severe than in smaller cells. In this 

regard, one other plastic lid was used to change the cell’s surface area to 42.5 cm2. 

As expected, results showed more significant degradation in the cell with a smaller 

surface area than the cell’s samples with a larger surface area. This provides further 

validation that the measurements were conducted appropriately. Figure 4.9 showed 

the electrical parameters of the 3rd cell sample with decreased surface area to 

42.5 cm2. A deviant jump can be seen from the Pmax correlation graph after around 

258 Ω cm2 which was caused by fluctuation in irradiance.  

4.4.4 Determining the Critical Degradation Point for Solar Cell 

 
Figure 4.10 The derivative of fill factor with respect to shunt resistance vs shunt 

resistance values for the second cell. 
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The critical degradation point can be found by looking at the derivative of the 

fill factor with shunt resistance. As illustrated in Figure 4.10, for the second solar 

cell sample, the degradation of the cell started around 350 Ω cm2 until it turned 

toward critical deterioration at c. 100 Ω cm2. In this case the maximum power, 

open-circuit voltage and fill factor have been reduced by 25%, 7%, and 17% 

respectively from their initial values. 

4.4.5 Modelling the Onset of Shunt Resistance Degradation 

 

The results have clearly shown the deterioration of the sample cell performance 

due to the reduction in shunt resistance indicating PV degradation or failure. As 

there was no significant impact on short-circuit current, it can be treated as a stable 

metric to signify any change in the other parameters. Therefore, using the same 

concept previously presented to detect EVA degradation in Chapter 3 [178], a 

simple linear fit model that employs open-circuit voltage is proposed to detect the 

onset of critical PV degradation or failure related to shunt resistance. 

To obtain this relationship experimentally, the irradiance was increased to the 

1200-1220 W m-2 range. Increasing the irradiance increased the ISC to 1.71 A and 

boosted the Pmax to 0.634 W. The irradiance was reduced gradually over eight 

steps: 1135 W m-2, 950 W m-2, 865 W m-2, 780 W m-2, 710 W m-2, 670 W m-2, 

625 W m-2 and 570 W m-2. Two measurements were taken at each reduced level, 

one taken at reduced shunt resistance. The two measurements generated the same 

ISC, but the lower shunt resistance produced a lowered value of Pmax and VOC. The 

change in open-circuit voltage shown in Figure 4.11 is small with changes in 

irradiance, as expected [5, 7, 219]. Its reduction is relatively small when compared 
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to Pmax, giving a relatively small slope. However, the open-circuit voltage is 

reduced at lower Rsh and can be linearly correlated with shunt resistance reduction 

until reaching the turning point around 100 Ω cm2, showing a significant slope 

increment.  

In this regard, both measurements are employed to derive linear models relating 

ISC
 to Pmax and VOC, as illustrated in Figure 4.11. Variations in the reproduced values 

of ISC due to reasons mentioned earlier in Section 4.3 were kept below 2%. As 

observed in Figure 4.11, when the solar cell is affected by reduced Rsh, the ISC 

versus Pmax has almost double the slope obtained when only the irradiance is 

reduced. By calculating the slope of Pmax and regularly monitoring VOC against ISC, 

these two models together can be used to detect the early onset of critical PV 

degradation in a way that measurement of a single one of these parameters cannot. 

Typically, solar irradiance begins to fall in the afternoon as part of the diurnal 

cycle. As it gradually reduces, the ISC versus Pmax and VOC levels can be recorded 

as a control model. Routinely, at the same levels of ISC, the Pmax and VOC levels can 

be monitored; if the slope increases compared to the control model, it can be 

determined that the onset of PV degradation or failure mode has begun in the PV 

module. The fill factor may also be followed to verify this abnormality. Employing 

ISC instead of irradiance is cost-effective for a residential PV system as there will 

be no requirement for irradiance measurement tools.  

Both the EVA degradation model presented in Chapter 3 [178] and the model 

proposed in this Chapter indicated a reduction in Pmax in response to different 

degradation modes, however, the extent of the reduction due to Rsh degradation is 

more substantial. 
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Figure 4.11   Linear models correlate Isc vs VOC and Pmax, for solar cells in healthy and 

degraded (reduced shunt resistance) states. Employing ISC instead of irradiance is 

cost-effective for a residential PV system as there will be no requirement for 

irradiance measurement tools. 
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The distinction between the two models can be made through ISC and fill factor: (a) 

ISC was reduced in the EVA degradation from the early stages of degradation but 

was not reduced in the case of shunt resistance degradation; (b) the fill factor 

decreased with reduced shunt resistance but remained almost constant in the case 

of EVA degradation.  

4.5  Conclusion 
 

This chapter introduced a way to experimentally decrease the shunt resistance 

of a solar cell; each shunt resistance value generated an I-V curve characteristic 

indicating the extent of the cell deterioration, relative to the undeteriorated state. 

The work presented in this chapter took a different approach than widely cited 

articles, experimentally lowing the solar cell’s shunt resistance and extracting its 

I-V parameters. Table 4-2 compares two available articles and the experimental 

approach followed in this chapter.   

Extensive experiments were conducted to arrive at a robust result. Open-circuit 

voltage, maximum power output, and fill factor were found to be directly affected 

by reduced shunt resistance levels. The derivative of the fill factor with respect to 

the shunt resistance as a function of shunt resistance levels was considered to 

extrapolate the critical shunt resistance point, providing a threshold level for 

corrective action to be taken. The critical point turned out to be c. 100 Ω cm2, and 

the reduction in VOC and Pmax before reaching this point were quantified. 

 ISC, on the other hand, was not affected; on this basis, linear models were 

derived and proposed correlating VOC and Pmax as a function of ISC (acting as a 

proxy for irradiance) to detect Rsh degradation. These models can be easily applied 
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to detect the onset of critical PV degradation or failure caused by shunt resistance 

degradation. The Rsh levels investigated in this study can start the next chapter on 

modelling and simulation of defective PV modules, simulating scenarios where the 

PV module contains solar cells degraded by low shunt resistance.  

Table 4-2 The approach used by widely-cited shunt resistance articles and the 

one followed in this chapter. 

Scientific 

Articles versus 

Existing Work 

Approach Used 

McMahon et al. 

[220]. 

Investigating three low levels of shunt resistance on a PV 

module that consists of twelve cells. Where each cell has a 

lowered value of Rsh. PV module parameters (Pmax, ISC, fill factor 

and VOC) were not assessed despite the module’s efficiency being 

evaluated. Results were not employed to develop a model to 

detect PV failures.  

Dyk and Meyer 

[187]. 

Followed the same experimental approach by McMahon et al. 

[220] to experimentally evaluate the shunt resistance of a CIS 

module after outdoor exposure of 130 kWh m-2. PV module 

parameters (Pmax, ISC, fill factor and VOC) were evaluated at one 

low level of shunt resistance. Limited results were not employed 

to develop a model to detect PV failures related to shunt 

resistance. 

Existing Work Experimentally lowered Rsh in a novel and simple way into 14 

levels. Pmax, ISC, fill factor and VOC parameters due to low Rsh were 

quantified.  Results were employed to develop a novel model 

that detects the early onset of PV critical degradation.  
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5 Chapter 5 | Early Prediction of Failed Cells in a PV 

Module Using Open-Circuit Voltage 

 

In the previous chapter, we proposed linear correlations to predict shunt 

resistance degradation and failure mechanisms in PV cells. Some PV failures begin 

with a few cells in the PV module and then distribute to the other cells. In this 

chapter, the effect of PV cells with low shunt resistance on a PV module is studied 

using SPICE simulation. The simulation follows four steps: simulation of the 

healthy I-V curve of the PV cell; simulation of eleven I-V curves at a reduced level 

of shunt resistance; simulation of a PV module using the simulation parameters 

obtained from former steps; and lastly, simulation of four different scenarios 

depending on the number of faulty cells in a PV module. The effect of these 

scenarios on the I-V curve parameters is compared. A linear model correlating 

open-circuit voltage with ISC (acting as a proxy of Irradiance) at different shunt 

resistance levels shows that it is feasible to detect failed cells (reduced Rsh) in a PV 

module.  

5.1  Introduction 
 

Increased demands for renewable energy across the globe to restrain air 

pollution and slow the rate of climate change have positively impacted the 

photovoltaics industry. According to [221], the growth rate of photovoltaics 

between 2004-2009 was remarkable, as high as 49%. It even surpassed 50% in 

some years of the last decade [222]. With such a high growth rate, the development 

of photovoltaics simulation programs skyrocket. The primary purpose of these 
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commercially available simulation tools is to assist manufacturers or researchers 

in conducting further investigation scenarios to forecast and record the power 

output of PV modules or array systems at different weather conditions.  

A study by Chouder et al. [223] utilized LabVIEW™ (Laboratory Virtual 

Instrument Engineering Workbench) software tool for online monitoring of PV 

system. The same author has adopted the MATLAB software tool to predict the 

power generation from a grid-connected  PV system [224]. It has also been adopted 

by Jiang et al. [225] to simulate the I-V curves at different solar irradiances and 

different ambient temperatures.  

Researchers also benefited from these simulation programs to investigate 

scenarios of PV failures and degradations to assist in avoiding, predicting, and 

detecting them, hence protecting the PV system. For example, a shading scenario, 

a common failure mode in PV, was simulated Using MATLAB in different studies, 

e.g., [123, 226]. A brief review of simulation studies to address the effect of shunt 

resistance has been shown e.g., [7, 186, 227] ( Refer to Chapter 2). Consequently, 

a unique method was presented to artificially lower the shunt resistance has 

resulted in the development of novel models to detect failures and degradations 

related to shunt resistance (Refer to Chapter 4). 

However, many PV failures start with one cell or a few cells, such as PID, burnt 

cells (burn marks), soldering, and microcracks failures. These early-stage failures, 

when they occur, have only caused minor impacts on the PV module’s electrical 

parameters, i.e., these minor impacts lead to minor power losses that will be 

difficult to detect. After a short time, they will trigger more defects in the PV 
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module’s components and lead to severe failures and degradations, reducing the 

module’s lifetime significantly [36, 54, 115, 151, 176, 228-230].  

Since most of these failures and degradations were linked to reducing shunt 

resistance of a solar cell [181, 183-185], this chapter investigates the effect of low 

shunt resistance cells performing in a typical PV module using SPICE. 

Experiencing the behaviour of solar cells with low Rsh when they exist in a PV 

module is crucial for failure and degradation prediction, particularly for defects 

starting with a few cells in a PV module. Thus, simulation of PV module with four 

different scenarios, depending on the number of cells with degraded shunt 

resistance is performed in Section 5.3. Key results from analysing the simulation 

outputs of the PV module’s parameters, maximum power output, open-circuit 

voltage, and fill factor are introduced and discussed in Section 5.4. 

5.2  SPICE Model for Solar Cell 
 

The same approach outlined by Castaner and Silvestre  [5] (Refer to Chapter 3) 

has been adopted to model the impact of low shunt resistance cells in PV modules. 

The adopted SPICE model follows four steps: 

Step 1: Simulation of the solar cell’s experimental I-V curves generated at 

different shunt resistance levels.  

Step 2: Simulation of a PV module that consists of 36 solar cells connected in 

series. 

Step 3: Simulation of four scenarios based on the number of low Rsh cells in a 

PV module; A) PV module has only one cell with low Rsh. B) PV module has two 

cells with low Rsh. C) PV module has three cells with low Rsh. D) PV module has 
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six cells with low Rsh. The influence on the PV module performance will be 

analysed using the generated PV module’s I-V curves from the simulation 

scenarios. This assists in identifying faulty cells in a PV module.  

5.2.1 Equivalent Circuit Model of Solar Cell Used in SPICE  

 

Many equivalent circuit models have been presented in the literature [7]. The 

approach outlined by Castaner and Silvestre [5] started from the ideal solar cell 

model which describes the theory of photovoltaic; the current of the cell is gained 

from the generated photo-currents density (𝐽𝐿) subtracted from the dark current 

density (𝐽0). The photo-currents density is also referred to as short-circuit current 

density as seen in  Eq. (5.1) [5]: 

(5.1) 
𝐽 = 𝐽𝑠𝑐 − 𝐽0 (𝑒

𝑉
𝑉𝑇 − 1) 

 

       The 𝐽𝑠𝑐 value depends on the type of material of the semiconductor. The short 

circuit current density of the silicon semiconductor is the sum generated at the p-

type material ‘base’ and the n-type ‘emitter’, both measured in A cm-2 (Refer to 

Chapter 3). Another formulated of current density at both surfaces: base, and 

emitter, called dark current density and is calculated as follows [5]:    

(5.2) 
𝐽dark = 𝐽darkE + 𝐽𝑑𝑎𝑟𝑘𝐵 = 𝐽0 [𝑒

𝑉
𝑉𝑇 − 1] 

      Where 𝐽darkE  is the dark current density of the emitter semiconductor, 𝐽𝑑𝑎𝑟𝑘𝐵 is 

the dark current density of the base semiconductor, 𝑉 is the voltage of the cell, and 

𝑉𝑇 is the thermal voltage both measured in volts.   
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       The open-circuit voltage of the cell is the voltage when the current is zero and 

can be extracted as seen from Eq. (5.3) [5]. 

(5.3) 
𝑉𝑜𝑐 = 𝑉𝑇ln (1 +

𝐽𝑠𝑐
𝐽0

) 

       The ideal circuit model cannot be used to simulate commercial PV cells for 

the reason that it does not account for the effect of series and shunt resistances. 

Commercial PV cells began to exhibit series and shunt resistances (Refer to 

Chapter 1).  

Figure 5.1 Equivalent circuit of two diodes model adopted in SPICE [5]. 

Three additional models have been introduced in the literature on top of the ideal 

circuit model to account for the series and shunt effects. They differ from each 

other by adding more parameters to maximise the model’s accuracy. The single 

diode model, also mentioned as the five-point model, introduced the series and 

shunt resistances [213]. However, the SPICE model adopted by Castaner and 

Silvestre [5] has facilitated the second dark saturation current (𝐽02), with its non-

ideality (𝑛) factor, which corresponds to losses of recombination of the carriers in 

the space. Recombination is a phenomenon where electron returns from the 

conduction band to the valance band to maintain thermal stability [231], thereby 
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dropping the photons that have been already absorbed. By adding 𝐽02 to the model, 

the SPICE model follows the well-known two diodes model which was first 

demonstrated by Sah et al. [232]. The SPICE model equivalent circuit is shown in 

Figure 5.1. 

      Extraction of the PV cell parameters can be followed using Eq. (3.8) [5] 

which was presented earlier in Chapter 3:  

(3.8) 
𝐼 = 𝐼𝐿 − 𝐼0 (𝑒

𝑣+𝐼𝑅𝑠
𝑛𝑉𝑇 − 1) − 𝐼02 (𝑒

𝑉+𝐼𝑅𝑆
2𝑉𝑇 − 1) −

𝑉 + 𝐼𝑅𝑠

𝑅𝑠ℎ
 

      Where the currents 𝐼,𝐼𝐿 𝐼0,  and 𝐼02 are equal to their current density multiplied 

by the area of the solar cell in cm2. Numbers 300 -302 in the circuit model presented 

in Figure 5.1 referred to the three SPICE nodes. These nodes are connected to a 

SPICE’s subcircuit containing all listed equations, Eq.(5.1-5.3, 3.8) [5] to simulate 

the expected I-V curve of the solar cell.  

      Though studies elsewhere have proposed a three diodes model, e.g., [233, 234], 

it is not commonly used due to its complexity [7]. Thus, the SPICE model 

demonstrated and adapted by Castaner and Silvestre [5] has considered all 

necessary parameters to simulate the PV I-V’s characteristics with high accuracy.  

5.3  Simulation of the I-V Curves at Degradation Modes 
 

Six parameters of the solar cell are needed to run the SPICE model and to 

accurately estimate the PV cell’s I-V curve. These parameters are: area of the solar 

cell, the current density, first saturation current density, the second saturation 

current density, series resistance, shunt resistance, and solar irradiance. The values 

of these parameters are inserted based on the experimental values. Then, they were 



5| Early prediction of failed cells in a PV module using open-circuit voltage  

   

 

94 

 

 

varied slightly until the simulated and the experimental I-V curves matched. The 

surface area of the solar cell was 60 cm2, and illuminated irradiance was measured 

to be 1000 ± 45 W m-2. The irradiance is subjected to up to 4.5% fluctuations which 

were considered in the simulation (Refer to Chapter 4 for detailed explanations).  

An accurate estimation of the shunt resistance value was obtained following 

the five-point extraction method presented in Chan et al. [213] (Refer to 

Chapter 4). The series resistance, on the other hand,  can be estimated using the 

same extraction method by solving the following numerical set of equations [213]:  

𝑅𝑠𝑜 = −(
𝑑𝑣

𝑑𝐼
)                                  𝑉 = 𝑉𝑂𝐶 

(5.4) 

𝑅𝑆=𝑅𝑠𝑜 −
𝑛𝑉𝑡

𝐼0
exp(−

𝑉𝑂𝐶

𝑛𝑉𝑡
) 

(5.5) 

𝐴 = 𝑉𝑚 + 𝑅𝑆𝑂𝐼𝑚 − 𝑉𝑂𝐶 (5.6) 

𝐵 = 𝐼𝑛 (𝐼𝑠𝑐 −
𝑉𝑚

𝑅𝑠ℎ
− 𝐼𝑚) − 𝐼𝑛 (𝐼𝑠𝑐 −

𝑉𝑂𝐶

𝑅𝑠ℎ
) 

(5.7) 

𝐶 =
𝐼𝑚

𝐼𝑆𝐶−
𝑉𝑂𝐶

𝑅𝑠ℎ

 
(5.8) 

(𝑡ℎ𝑒 𝑖𝑑𝑒𝑎𝑙𝑖𝑡𝑦 𝑓𝑎𝑐𝑡𝑜𝑟 𝑜𝑓 𝑑𝑖𝑜𝑑𝑒)  =
𝐴

𝑉𝑡 (𝐵 + 𝐶)
 

(5.9) 
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𝐷𝑖𝑜𝑑𝑒 𝑆𝑎𝑡𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑐𝑟𝑟𝑒𝑛𝑡: 𝐼0 = (𝐼𝑠𝑐 −
𝑉𝑂𝐶

𝑅𝑠ℎ
) exp  (−

𝑉𝑂𝐶

𝑉𝑡
) 

(5.10) 

      Where 𝑉𝑡 is the thermal voltage calculated by 𝑘𝑡/𝑞 , 𝑘 is Boltzmann constant, 

𝑡 is the temperature of the solar cell in kelvin and 𝑞 is the electronic charge. Rso is 

the slope at open-circuit voltage. Im and Vm are the maximum current and maximum 

voltage, respectively. As Chan et al. [213] considered the single diode model only, 

unlike the SPICE model which considered the double diode model, the saturation 

current densities were varied until the simulated I-V curve matched the one from 

the experiment.  

      The first saturation current density was firstly estimated from Eq. (5.10). Its 

estimated value was inserted into the SPICE and varied along with the second 

saturation current density. Their magnitude ranges agree with Castaner and 

Silvestre [5] and Chan and Phang  [235], where the first saturation current density 

and the second saturation current density ranges should be between 10-14A cm-2 to 

10-9 A cm-2, and 10-9A cm-2 to 10-6A cm-2, respectively. In addition to the 2nd cell 

I-V curve, eleven I-V curves at lowered shunt resistance values were selected to be 

simulated in SPICE among the fourteen values investigated in Chapter 4. 

 The strategy for picking these levels is the inclination of the I-V 

characteristics toward failure and collapse. They were the I-V curves of the 2nd 

solar cell at lowered shunt resistance; 516.2 Ω cm2, 345.8 Ω cm2, 260.3 Ω cm2, 

189.7 Ω cm2, 113.1 Ω cm2, 88.0 Ω cm2, 77.7 Ω cm2 57.9 Ω cm2, 45.1 Ω cm2, 

35.1 Ω cm2, and 29.8 Ω cm2. Some of which were combined with the experimental 

ones and presented in Figures 5.2 and 5.3.  
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Figure 5.2 Simulation of I-V curves at different shunt resistance levels using 

SPICE. 
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Figure 5.3 Simulation of I-V curves at different shunt resistance levels using 

SPICE. 

      Overall, the simulated I-V curve must match the values of short-circuit current, 

maximum output power, and the open-circuit voltage with the ones generated from 

the experiment. The simulated I-V curves were also compared to the experimental 

curves by calculating the Root Mean Square Error (RMSE). The RMSE of the 2nd 
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solar cell accounted for 0.017, indicating that the simulation model stands for high 

accuracy. Although RMSE was criticised by Willmott et al. [236] to be an 

ambiguous metric for model evaluation, it is assumed by Chai and Draxler [237] 

to be otherwise and even more appropriate over the Mean Absolute Error (MAE) 

model. For this purpose, the so-called Modelling Efficiency Formula (EF) as 

shown in Eq. (5.11) [238]. The result from Eq. (5.11) should be between 0 and 1 

to indicate a good simulation model. Where 1 indicates a very accurate model.  

(5.11) 
 Efficiency Formula = 1 − (

MSE

𝑀𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝐷𝑎𝑡𝑎 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒
) 

Table 5-1 shows the RMSE and the EF values for the simulated I-V curves.  

Table 5-1 Root Mean Square Error and Modelling Efficiency for the Simulated I-V  

Curves. 

Shunt resistance (Ω cm2) RMSE EF 

3996 0.017 0.997 

516.2 0.015 0.997 

345.8 0.013 0.998 

260.3 0.013 0.998 

189.7 0.013 0.999 

113.1 0.012 0.999 

88.0 0.015 0.996 

77.7 0.013 0.997 

57.9 0.015 0.988 

45.1 0.016 0.997 

35.1 0.009 0.997 

29.8 0.005 0.999 
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   It is worth mentioning that some of the simulated I-V curves needed a slightly 

smaller value of shunt resistance to be inserted to match the experimental ones. 

The simulated I-V curves at shunt resistance of 77.7 Ω cm2, 45.1 Ω cm2, 

35.1 Ω cm2, and 29.8 Ω cm2, have smaller Rsh values of 1.15%, 1.73%, 3.58%, and 

5.24%, respectively. As it can be noticed, the error is likely to increase gradually 

with the reductions in shunt resistance. Series resistance was also increased with 

the reductions in shunt resistance gradually. It was increased by up to 80% in 

combination with the shunt resistance reductions. The 2nd saturation current 

densities were also gradually increased with shunt resistance reductions, albeit in 

the expected range magnitude. This agrees with McMahon et al. [220], that the 

decrease in shunt resistance increases the recombination losses. 

      To sum up, different cell parameters’ values are needed to be adjusted in the 

SPICE circuit model. Despite following the numerical set of equations Eq.(5.4-

5.10) [213] to extract their values accurately, their extracted values do not 

necessarily indicate the actual values of the experienced cell. Regardless, as long 

as their values are in the expected range and simulate similar I-V curves as those 

experimentally generated, it is then feasible to use these values to simulate the I-V 

curve for a PV module. By this means, investigating different scenarios where a 

PV module contains defective cells.  

5.3.1 Simulation of PV Module’s I-V Curve at Degradation Modes 

 

In the experiment, the effect of decreasing shunt resistance in a single solar cell 

has been investigated (Refer to Chapter 4). It was concluded that three major 

parameters Pmax, FF, and VOC were degraded significantly. However, solar cells are 
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rarely used alone (Refer to Chapter 1). The non-uniform decreasing of shunt 

resistance in solar cells, when packaged in a PV module, has not yet been 

accurately quantified.  

      SPICE is used to simulate the generated I-V curves from the repeated 

measurement of the 2nd solar cell with decreased Rsh. SPICE’s tool is capable to 

include defective cells in a PV module to predict their negative effect on the output 

characteristics. By doing so, a PV module consisting of 36 solar cells is simulated 

by SPICE, which can be achieved by increasing the number of circuit nodes in the 

SPICE netlist. 

 Figure 5.4 I-V curve of simulated PV module, consists of 36 solar cells 

connected in series using SPICE 

Each circuit node represents one solar cell with its parameters’ values. Only one 

subcircuit is needed to simulate a single solar cell. Increasing the number of circuit 

nodes to 36 will formulate a PV module consisting of 36 solar cells connected in 

series. The parameters’ values can be modified for each cell, making it simple to 

examine the module’s output characteristics with defective cells. The open-circuit 
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voltage was 0.585 V in a single solar cell and was increased by 36 fold in the 

module to become 21 V. The solar irradiance in the simulation was kept steady at 

1000 Wm-2 in all module simulations. The area was increased from 60 cm2 to 125 

cm2 which increased the short-circuit current to 3.18 A and boosted the maximum 

power output to 44.7 W. Figure 5.4 shows the generated I-V curve of the PV 

module. 

5.4    Results and Discussion 
 

From the I-V curves shown in Figure 5.5, the PV module’s performance 

became poorer when containing more cells with low shunt resistance. Also, it can 

be seen that there is a correlation between shunt resistance levels and severity. The 

lower the shunt resistance becomes, the more severe the degradation on the 

module. The module characteristics: maximum-power output, fill factor, and open-

circuit voltage will be extracted in the following sections for a better analysis of 

the resulting I-V curves. 
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Figure 5.5 I-V curves for a PV module simulated using SPICE showing the effect 

of lowering shunt resistance in a different number of solar cells. Where (A) is one 

cell with low Rsh and (B) six cells with low Rsh. 
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5.4.1 Correlation between Fill Factor and Shunt Resistance 

 

      The derivative of the fill factor with respect to shunt resistance obtained from 

the experiment was used as a measure to calculate the failure turning point. 

Derivative is utilized as a microscopic scale measure to identify a system status 

turning point [239]. It was found that the turning point toward failure mode was 

around 100 Ω cm2. This can also be concluded from the simulation results shown 

in Figure 5.6 for the PV module where there’s almost a logarithmic correlation 

between the shunt resistances levels and the fill factor. 

     Figure 5.7 indicates the severity and can be used to estimate the time left for the 

PV module towards complete failure based on the number of defected cells. As 

mentioned earlier, in some failure mechanisms, the failure starts with a few cells 

and then distributes to the other cells [36, 115, 151, 228-230]. Therefore, the slope 

of the fill factor can be employed to detect the number of defective cells in the PV 

module, the slope became larger when more cells failed.   

5.4.2 Correlation between Maximum Power Output and Shunt 

Resistance 

 

      The degradations’ figure of the maximum power output has nearly the same 

trend as in the fill factor figure. Both figures formed almost two linear 

relationships, one above the turning point and one below the turning point. The one 

above refers to the slow degradation of a PV module. Once the shunt resistance 

reached the turning point c. 100 Ω cm2, the PV module tends toward catastrophic 

failure. 
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     Figure 5.7 shows that the pattern of the Pmax is close to the fill factor; both 

demonstrate a relationship between the number of defective cells and the severity 

of the degradation.  

     Aside from the number of faulty cells, when shunt resistance decreased further, 

a higher decline was noticed in the module’s Pmax and fill factor. For instance, the 

reduction of Pmax was more significant in a PV module having one cell at shunt 

resistance of 35.1 Ω cm2 than in a PV module having six cells at shunt resistance 

of 260.3 Ω cm2.  

5.4.3 Correlation between Open-Circuit Voltage and Shunt 

Resistance  

 

     When comparing the change in open-circuit voltage at reduced shunt resistance 

with maximum power output and fill factor, the latter two declined more severely 

than the open-circuit voltage. Nevertheless, a slight reduction in VOC can also be 

used to determine the degradation of the PV cell in the PV module. Figure 5.6 and 

Figure 5.7 clearly show the VOC is impacted even if only a single cell was failed.  

     It is well known that whenever there is a PV degradation process, Pmax will be 

the first parameter that indicates the failure [33]. And for this, the Pmax model 

presented previously was accompanied by monitoring VOC to distinguish between 

PV failures or degradations related to low shunt resistance and other failure 

mechanisms. However, it is feasible to employ the VOC alone in detecting failed 

cells existing in the PV module. In Chapter 4, it was proven that even though the 

VOC was reduced at natural reduction of solar irradiance [5, 7, 219],  the slope of 

VOC, in a linear relationship with ISC, due to shunt resistance reduction was 
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significantly larger. Furthermore, the correlation to detect faulty cells in PV 

modules is continuously linear until approximately more than half of the PV 

module’s cells failed. Unlike the model demonstrated in Section 4.4.5, Chapter 4, 

which showed the correlation between shunt resistance and VOC turned to 

logarithmic after shunt resistance decreased to 88.0 Ω cm2. This provides a great 

potential to employ VOC  alone to detect failed cells associated with low shunt 

resistance in a PV module.  

     In Figure 5.6-C, the reduction in VOC was double when comparing one cell 

failed PV module with a two-cell failed module. According to Fuentes et al. [229], 

failed cells in PV modules decreased the average lifetime from twenty years to 

seven years. Using VOC helps estimate the operation time left for the PV module 

when some solar cells failed, allowing corrective action to be planned and taken. 

Hence, a comparison between power loss, risks, and cost can be analyzed to 

determine the optimal time.  

     Moreover, a mathematical equation can be extracted in Figure 5.6-C to detect 

the number of failed cells, where the shunt resistance of the cell decreased to 

29.8 Ω cm2. This can be applied if the reduction magnitude in VOC due to one failed 

cell can be identified. In this simulated module, approximately 0.115 V in VOC was 

lost due to the failed cell. Thus, Eq. (5.11), can be proposed: 

  

  (5.11) 

𝑁𝑜. 𝑜𝑓 𝑓𝑎𝑖𝑙𝑒𝑑 𝑐𝑒𝑙𝑙𝑠 𝑖𝑛 the simulated 36 − cells − PV module

=
𝑉𝑂𝐶 − 𝑉𝑂𝐶𝑟

0.115
 

     Where 𝑉𝑜𝑐𝑟  is the recorded open-circuit voltage and 0.115 is the difference 

between the open-circuit voltage of a healthy PV module and a PV module with 

one failed cell. 
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 Figure 5.6 Correlation with PV module’s shunt resistances and (A) fill factor, 

(B) Maximum-power output, and (C) Open-circuit voltage. 
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Figure 5.7 Correlation between the number of defective cells in PV module 

with the (A) fill factor, (B) Maximum-power output, (C) Open-circuit voltage. 
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5.4.4  Model to Detect Cells with Degraded Shunt Resistance in a PV 

Module  

 

Rsh, 189.7 Ω cm2

Rsh 88.0 Ω cm2

Rsh, 77.9 Ω cm2

Rsh, 57.9 Ω cm2

Rsh, 45.1 Ω cm2

Rsh, 35.1 Ω cm2

Rsh, 3996 Ω cm2

Linear Equation at natural reduction of irradiance

y = 0.5713x + 19.204

___________________________________

Linear Equation When one Cell Degraded 

y = 0.6704x + 18.897

_____________________________________

Linear Equation When Six Cells Degraded 

y = 1.1341x + 17.452
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Figure 5.8 Linear fit models correlate Isc and Voc to compare between healthy and 

faulty states of a PV module, the model can be used to detect the onset of PV cells 

degradation or failure in PV module caused by shunt resistance reduction. 
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To make the model cost-effective for a residential PV system, this model also 

used short-circuit current as a substitute for solar irradiance to be correlated with 

open-circuit voltage as there will be no requirement for irradiance measurement 

tools. 

      As illustrated previously in Chapter 4, when solar irradiance begins to fall in 

the afternoon as part of the diurnal cycle, the short-circuit current versus open-

circuit voltage levels can be recorded as a control model. Routinely, at the same 

levels of ISC, the VOC levels can be monitored; if the slope increases compared to 

the control model, it can be determined that a single solar cell has turned to failure 

or degradation mode in the PV module. This would be a great potential application 

of machine learning: extracting this diurnal pattern of solar irradiance and checking 

the corresponding ISC and VOC cycles and looking for deviations from their previous 

relationships, which would indicate the number of defective solar cells that exist 

in the PV module.  

5.5   Conclusion  
 

      When one or more cells in a PV module fails or degrades, the module continues 

to generate significant power unless most cells become infected, ultimately leading 

to noticeable power reduction and catastrophic failure. Thus, this chapter has used 

the simulation of the PV module via SPICE to investigate the effect of failed cells 

linked to low shunt resistance in the PV module. These simulations help detect 

these failure mechanisms before a failure gets propagated to the neighbouring cells.  

The degraded or failed cell linked to low shunt resistance in a PV module was 

found to reduce the PV module’s fill factor, open-circuit voltage, and maximum-

power output. Results showed that it is still feasible to detect them by implementing 
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a simple linear fit model that correlates open-circuit voltage with short-circuit 

current as a proxy of solar irradiance. A mathematical equation was also proposed 

to detect the number of failed cells based on the reduction magnitude of the open-

circuit voltage. The work presented in this chapter took a different approach than 

widely cited articles, aiming to detect failed cells by simulating the I-V curve of a 

typical PV module when existing solar cells with low shunt resistance. Table 5-2 

compares two available articles and the simulating approach followed in this 

chapter.   

Table 5-2 The simulation approach used by widely-cited shunt resistance articles 

and the one followed in this chapter. 

Scientific 

Articles versus 

Existing Work 

Approach Used 

McMahon et al. 

[220]. 

Simulating three low levels of shunt resistance in a PV module 

that consists of 12- cells using PSpice. Simulated PV module 

parameters (Pmax, ISC, fill factor and VOC) were not assessed 

despite the module’s efficiency being evaluated. The effect of 

different numbers of cells with low shunt resistance on the PV 

module was not compared. Not mentioned if series resistance 

needed to be increased for accurate simulation.   

Dyk and Meyer 

[187]. 

Used PVSIM to simulate the effect of two lowered shunt 

resistance. They showed that low shunt resistance decreased 

maximum power output, open-circuit voltage, and fill factor but 

increased short-circuit current slightly. Limited results were not 

employed to develop a model to detect failed cells in a PV 

module. 

Existing Work Simulating experimental I-V curve of low Rsh cell accurately to 

investigate the I-V parameters (Pmax, ISC, fill factor and VOC)  of a 

PV module with low Rsh cells.  Results were employed to 

develop a novel model that detects the number of failed cells in 

a  PV module.  
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   Depending on the type of failure, shunt resistance degradation may relate to 

reversible or irreversible failure. The next chapter will demonstrate these two 

failures from experiments conducted at KFUPM. Furthermore, it can be suggested 

to classify them, whether they are reversible or irreversible, by using machine 

learning models.  
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6 Chapter 6| Failed PV Modules at KFUPM: Corrective 

Actions and the Potential of Machine Learning 

Applications 

 

It was stated in the previous chapter that failures might be reversible and 

irreversible. This chapter shows examples through an experiment conducted in 

deployed PV modules at King Fahd University of Petroleum and Minerals, 

Dhahran, Saudi Arabia. I-V measurements of the PV modules affected by dust 

accumulation and hotspot were taken. Dust accumulation can be cleaned to restore 

power losses whereas only replacement of damaged module by hotspot is 

recommended.  PV modules are exposed to many failures like this, some of which 

are reversible others are not. Within sufficient I-V data, these failures can be 

classified easily by training machine learning models. As an instance, this chapter 

presents a classification ML model between the degradation’s mechanisms 

investigated in Chapter 3-5, EVA and shunt resistance degradations.   

6.1  Introduction 
 

When it comes to solar energy, Saudi Arabia is located in an exceptional 

geographical location on the planet, universally recognized as the sunbelt. In 

addition to the higher solar irradiance, most regions in Saudi Arabia are in clear-

sky conditions on most days of the year [240]. Nevertheless, some Saudi cities face 

environmental stress factors, such as high relative humidity, hot air, and dust 

storms which reduce the power output of the PV modules substantially.  
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Dhahran city is one of those cities, the weather, in general, is dusty and 

combined with humid and hot air. This blend of environmental factors causes 

extreme stress on the PV module (Refer to Chapter 2). As explained earlier in 

Chapter 2 due to the severe impact of the dust in Dhahran, its characteristics were 

studied and explored [117]. Thus, the city was favoured to conduct an experiment 

to address the effect of dust accumulation on PV modules. The PV modules were 

deployed at KFUPM, Department of Electrical Engineering. 

In addition, there was a PV module with one cell failed by a hotspot deployed 

at the same location. The I-V measurement of that PV module was also taken.  

This chapter consists of two main sections; the first section outlines the effect 

of dust accumulation and hotspot failures on the PV module’s parameters. The 

second section discusses corrective actions, and the potential application of the 

machine learning models. 

6.2  Experimental Procedure and Results 
 

The PV modules were connected to an isolation amplifier and Profi-Cassy 

sensor, Model No. LD-524 016, these two components worked as data acquisition 

system. During the experiments, the output parameters, current, and voltage signal 

were transmitted to the isolation amplifier to be scaled down to a suitable range for 

the Profi-Cassy sensor to read. The signals were then transmitted to the computer 

system to be presented and stored by the Profi-Cassy software as illustrated in the 

experiment set up in Figure 6.1.  

The I-V curves were experimentally generated by connecting a resistive load 

bank to the PV module to vary its current value over a short period. The resistive 
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bank can gradually reduce a current of 3.0 A by increasing the load resistance from 

1% to 100%. 

 

(A) 

 

(B) 

Figure 6.1 (A) Typical experiment for DC measurement at KFUPM lab [241]. 

(B) Experiment set up for the dust accumulation and hotspot measurements. 

     Three resistive banks were connected in series to be able to decrease a current 

of 9.0 A gradually. The load resistance was progressively increased at roughly 40 
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points to generate the I-V curves of the investigated modules. Measurements of the 

current and voltage were taken at each point synchronously. 

6.2.1 Effect of Dust Accumulation on PV Module Surface  

 

The weather condition in Dharan is hot with high relative humidity and dusty 

most of the time. The experiment was conducted on poly-crystalline modules for a 

duration of three days. Even though the time used for the experiments is 

considerably short, the results show a significant influence on PV module 

parameters.

 

Figure 6.2: (A) Cleaned PV module v. (B) dusty PV module.  

A 

B 
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       The two PV modules used in this experiment have the same manufacturer, 

Simax Green New Energy (Europe) GmbH, Model No. SQP636- 100. The rated 

maximum-power output for both was 100 W, their expected VOC was 21.8 V, and 

6.14 A was rated for the ISC. They were both tilted horizontally at an angle of 23⁰.  

      First, both modules were measured when cleaned to confirm their electrical 

performance was similar. Then, one module was left to accumulate dust for three 

days while the other cleaned regularly. Measurements were taken from both 

modules, cleaned and non-cleaned, twice: in two days and three days. Figure 6.2 

shows the two PV modules, one accumulated dust for two days.    

      Considering the dusty weather in Dhahran, within two days, the ISC of the dusty 

PV module was lower by 5.5% at 5.37 A than the cleaned PV module, which was 
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Figure 6.3 I-V curve of the dusty module versus the I-V curve of the cleaned PV 

module surface. Y-axis is the current normalized to 1.0 A. 
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5.68 A.  The measurements were taken at a tilted global irradiance of 850 W m-2. 

Eppley Radiometer, Model. PSP was used for irradiance measurements. Other 

measurements were taken at tilted global irradiance ranging between 462-

475 W m-2 on the next day, the reduction of ISC became 4.5% lower in the dusty 

PV module; it was 2.7 A while the cleaned module was 3.0 A.  

      The difference in the maximum-power output was also evident in both cases; 

the Pmax in the cleaned PV module was 9.7% higher at 68.1 W, while the dusty 

module was 62.1 W at two days of dust accumulation. The gap increases in the 

three-day accumulation; the cleaned PV module produced 13% higher energy than 

the dusty one. The cleaned PV module produced 41.8 W whereas the dusty 

produced 36.0 W. Figure 6.3 shows the difference between the I-V curves of 

cleaned PV modules and the dusty PV module. This result agreed with Zaihidee 

et al. [134] and Saidan et al. [135], the longer the dust accumulates on the PV 

surface, the more the reduction in the short-circuit current and the power output. 

6.2.2  PV Module Diagnosed with Hotspot Failure 

 

At the same location in KFUPM, a mono-crystalline module was deployed and 

tilted at the same angle, 23⁰. The module’s Pmax was rated at 150 W, its rated VOC 

was 43.2 V. The short-circuit current was rated at 4.49 A. One of the PV module’s 

cells was damaged due to hotspot heating, as seen in Figure 6.4. The I-V curve 

measurements at an irradiance of 740 Wm-2 were taken using the same 

measurement technique applied for the dusty experiment. 
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Figure 6.4  (A) I-V curve of PV module with one cell damaged by hotspot. (B) 

snapshot of hotspot damage  

The I-V curve indicated a normal operation until reaching almost 15.0 V, where 

the PV string containing the damaged cell was located. Once it reached the 

hotspot’s string, the current was reduced by 8 to 9% until reaching the Pmax point, 

causing a jump-down in the curve. The I-V curve also indicated a reduction in fill 

factor and the open-circuit voltage was less than rated. Unlike shading caused by 

dust accumulation, which can be fixed by removing the shading object, the 

damaged solar cell caused by the hotspot resulted in a permanent reduction of the 

ISC and fill factor and cannot be reversed. 

6.3  Corrective Actions and Potential of Machine Learning Models  

Corrective action dealing with degraded PV modules depends on the failure 

type and whether the module can be fixed. From the KFUPM experiments, shading 
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failures are usually temporary and can be fixed by removing the shading object. 

From Han et al. [31], failures related to the j-box were fixed by replacing the failed 

j-box. On the other hand, the hotspot failure may cause permanent damage to the 

module. PV modules with permanent loss, like a hotspot or a high degradation rate, 

cannot be fixed, and therefore they can only be replaced as a corrective action.  

However, module replacement depends on several factors, climate, cause of 

degradation, and type of PV system. A survey study by Köntges et al. [115] found 

that the mean degradation rate for PID failure was 15% per year. Therefore, early 

detection of this degradation may protect the PV array from a substantial power 

loss.  

 

Figure 6.5 Decision tree model classifies between EVA and Rsh degradation 

mechanisms. 

     Furthermore, monitoring systems in PV plants apply machine learning 

models nowadays [242]. The I-V parameters and solar irradiance are stored through 
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a data acquisition system. The stored data can train and test a simple classification 

ML model to classify reversible failures, such as shading, from irreversible 

failures, such as a module damaged by a hotspot.  

Hence, this dissertation develops novel models to detect EVA and shunt 

resistance degradations, where EVA reduces Isc, and shunt resistance reduces both 

VOC and Pmax. The distinction between the two degradations can be precisely 

obtained by training a machine learning model, even with employing Pmax only. 

This is because machine learning models can classify using the Pmax reduction 

range when provided with sufficient data. Figure 6.5 demonstrates an example 

diagram of a decision tree classifier (DTC) that can be applied conveniently, 

classifying EVA degradation from Rsh degradation.  

     As an illustration, small-scale data that contains 334-inputs of slope values were 

generated to be implemented in a machine learning, decision tree model. The 

slopes were calculated from seven irradiance points; the points were 942.3 W m-2, 

879.8 W m-2, 746.6 W m-2, 702.3 W m-2, 657.9 W m2, 588.4 W m-2, and 

544.4 W m-2. In the EVA degradation, the Isc versus irradiance slope increased by 

roughly 4.8% from 0.00398 to 0.00418 A W-1 m-1. That is before EVA turned 

yellow, whereas, in the shunt resistance degradation, the Pmax versus Isc slope 

increased by 37% from 0.485 to 0.787 W A-1. That is when the natural Rsh 

decreased up to 519 Ω cm2.  In other words, the slope represented EVA indicated 

a healthy operation until reaching 0.00418 A W-1 m-1, and the slope represented 

shunt resistance indicated a normal operation until reaching 0.787 W A-1. 

     The ML model was derived from the sci-kit-learn library in Python. The model 

also used NumPy, Pandas, and Matplotlib libraries to import, display, visualise and 
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plot the data. In a decision tree model, the first split, described as the root node, is 

determined by the Gini-impurity; a mathematical analysis to find the ideal split 

among all feature inputs. The feature input with the lowest Gini-impurity is 

selected as the root node, and then the splits continue on this basis until reaching 

the last node known as the leaf node.   

     The 334-input data were separated into three categories and supplied to the ML 

model. The three categories were:  

• One represented a healthy operation of the PV module and contained 

different healthy values of slopes representing EVA and shunt 

resistance. To obtain healthy values, the slope represented EVA and 

shunt resistance was increased slightly until their threshold points, 

0.00404 A W-1 m-1, and 0.787 W A-1, respectively.  

• The second category represented a degradation mode of EVA and is 

determined when the slope representing EVA is 0.00418 or higher. 

• The third category represented a degradation mode of Rsh and is 

determined when the slope representing Rsh is 0.785 or higher.  

About 34, 10% of the feature inputs were arbitrary numbers inserted to test the ML 

model's accuracy in classifying each category. 

     Figure 6.6 shows the DTC model in Python, demonstrating the split and the 

decision boundaries of the model.  It can be noticed that the DTC model suggested 

by Python is different from the proposed one in Figure 6.5. As explained earlier, 

the ML model decision boundaries are based on the Gini-impurity calculated from 

the fed data, i.e., the DTC model has considered the slope represented shunt 

resistance as the root node as its Gini-impurity was the lowest. The value of 
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0.765 W A-1 was determined to split and determine the shunt resistance 

degradation as most healthy inputs were below this value. If the Rsh slope is lower, 

further analysis for EVA degradation was computed. Then, if the slope of the EVA 

degradation was higher than 0.004 A W-1 m-1, the model indicated a degradation 

mode in EVA, else the PV module is running in healthy operation. The suggested 

ML model was straightforward and 96% accurate when validated. 

 

Figure 6.6 Decision tree ML model for small-scale data used to predict, detect and 

classify shunt resistance and EVA degradations of PV module. X [1] is the slope 

used to detect shunt resistance degradation, and X [0] is the slope used to detect 

EVA degradation. 

     Sometimes, a temporary shading is caused by an object, which will reduce Pmax 

and Isc simultaneously and increase EVA and Rsh slopes. Depending on the 
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irradiance level, the slope will be affected differently. For example, shading of up 

to 60 % above 700 W m-2 won’t increase the slope to the threshold point. However, 

if the shading is below 700 W m-2, the slopes increase significantly, specifically 

for EVA. This may be influencing the results and substantially decrease the DTC 

model’s accuracy, although some arbitrary slope values were introduced in the 

data.  

      In this scenario, two solutions can be proposed to optimise the DTC model; the 

first is to take the average slopes from two consecutive days. A drawback of this 

solution is a delay in corrective actions when dealing with hazardous failures.  The 

second solution is to add more attributes and targets to the DTC model to 

differentiate between temporal shadings scenarios, EVA, and shunt resistance 

degradations. The latter is safer and is convenient to apply.  

6.4  Conclusion  
 

Corrective actions to be taken with PV failures depend on whether the failure can 

be reversed or not. This chapter showed that the experimented module affected by 

dust accumulation can be mitigated by appropriate and regular cleaning. Whereas 

the one affected by hotspot cannot be reversed. It also indicated that early detection 

of some reversible failures like extreme shading prevents the failure from 

becoming irreversible. Machine learning model (decision tree) was shown useful 

to be trained to classify between these failures. Table 6-1 compares a widely-cited 

article that used a decision tree ML model approach and the approach followed in 

this chapter.   
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Table 6-1 Comparison between decision tree ML model used by widely-cited 

article and the one followed in this chapter. 

Scientific 

Articles versus 

Existing Work 

DTC ML Model Purpose 

Zhao et al. [243]. A large data set (over 700k) was used to train a decision 

tree ML model to classify four types of PV failures: solid 

line to line, solid line to line with low impedance, open 

circuit, and partial shading failures. The ML model has an 

accuracy of 99%. 

Existing Work  A small data set was generated from SPICE simulation based 

on experimental results to classify two degradation mechanisms 

of PV (EVA and shunt resistance). The ML model has an 

accuracy of 96%. 

 

 In terms of irreversible degradations, only replacement of that failed module 

can be taken as a corrective action to restore maximal power. This is also applied 

to EVA and shunt resistance degradations investigated in Chapters 3-5. However, 

in the case of EVA and shunt resistance degradations, the optimal time to proceed 

with PV module replacement in a cost-effective way needs to be analysed. Hence, 

this dissertation accurately identified the shunt resistances and EVA degradations 

and their corresponding output power. Modelling and simulation of the expected 

power loss can be used for further economic analysis to determine the optimal time. 

In the next chapter, cost analysis to find the optimal time to replace a PV module 

affected by irreversible degradations caused by EVA discolouration and low shunt 

resistance will be demonstrated.
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7 Chapter 7| Cost Analysis for Substituting a Degraded 

PV Module as A Corrective Action 

 

Chapters 3-5 introduced simulations and experiments to develop models to 

predict and detect PV degradations at the early onset. Chapter 6 showed an example 

that some degradations are temporary others are permanent and cannot be reversed. 

If they are permanent, replacement of the module is recommended, particularly in 

PV arrar or PV string system as the degraded module will drag down the PV 

system’s power generation. However, the replacement of the degraded PV module 

must be cost-effective. Thus, this thesis ends with a cost analysis to discover the 

optimal replacement time for a PV module degraded by either low shunt resistance 

or EVA discolouration.      

7.1  Introduction 
 

In the previous chapter, corrective actions were discussed; replacement is 

advised if the PV module is damaged. In some cases, however, the damage is mild 

and does not lead to dangerous consequences or a significant power loss. Chapters 

3 and 4 have addressed the effect of PV failures due to EVA degradation (optical) 

and shunt resistance degradation primarily (electrical).  

This chapter presents an economic analysis to determine if replacing an 

irreversibly degraded PV module, EVA discolouration and low shunt resistance in 

particular, before causing hazards in a string or array system is cost-effective. 

Section 7.3 expands the investigations of a degraded PV module to PV string and 
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array systems via SPICE and mathematical calculations. Once these investigations 

address the effects on the electrical parameters, Section 7.4 estimates the energy 

production from a healthy PV system and a system containing a degraded PV 

module. Based on Ireland’s PV market, the cost of a PV system (string or array) 

with a degraded PV module versus the cost of replacement is compared in Section 

7.6.  This likely helps in identifying the optimal time to replace a degraded PV 

module in array or string systems. 

7.2  Cost Analysis for Substituting a Degraded PV Module  
 

Positive impacts of the growing ratio of renewable energy over conventional 

energy on the environment have been studied and highlighted extensively (Refer 

to Chapters 1 and 5). However, the variability of generation and cost-effectiveness 

leads to hesitancy in proceeding with more deployments of renewable energy 

systems. In terms of the latter, it has been claimed by Quaschning [244] that 

although conventional energy systems may seem more cost-effective than 

renewable energy systems, they are highly affected by uncertainty due to 

environmental and political variables. For instance, the oil crisis that took place in 

1970 led to a dramatic surge in energy prices. Alternatively, cost-effectiveness 

related to renewable energy, such as solar and wind, is unlikely to be influenced 

by such variables [244].  

However, this is not always the case as failure or critical degradation, which 

may arise in any operational year of the PV system, will also create uncertainty 

about cost. It was demonstrated from the introductory chapter that PV failures and 

degradations, if undetected, cause a significant power loss and lead to catastrophic 
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consequences. Even so, the only cost will be taken into consideration when 

proceeding with replacement as a corrective action.  

When it comes to the cost evaluation for EVA or shunt resistance degradations 

in the PV systems, the subsequent steps are followed to address the issue 

accurately: 

Step 1: Effects of EVA and shunt resistance degradations in PV string and 

array systems are analysed and compared: SPICE simulation is used to assist in the 

analysis. The generated power as well as the energy production from two PV 

systems of the same rating, one of which has a degraded module affected by either 

EVA or Rsh defect, are compared. 

Step 2: Finding the installation cost and the expected energy production 

from the PV system. The Sustainable Energy Authority of Ireland (SEAI) has 

evaluated the cost and energy production from PV systems in Ireland.  

         Step 3: Referring to the approach and mathematical models provided by 

Quaschning [244], the cost for a PV string and array with and without replacement 

of degraded module are calculated and compared.  

7.3  Simulation of PV Array and String to Extract Parameters  
 

Simulation of PV string and PV arrays using SPICE requires a very high 

number of nodes. Castaner and Silvestre [5] provided the following approach for 

PV string and array simulations: 

• Firstly, the PV solar cell was scaled to a PV module. This is achieved by 

scaling up the current, voltage, and series resistance of the I-V equation of 

the solar cell to a PV module I-V equation.  
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• Secondly, the electrical parameters from the PV module were inserted into 

SPICE circuit code with the preferred number of nodes. In other words, 

apply the same technique to simulate PV module by increasing the number 

of nodes of solar cells (Refer to Chapters 5) but, this time, increasing the 

number of nodes for PV module.  

         Scaling PV cell to module neglects the effect of shunt resistance. The second 

saturation current and the photogenerated currents (Iph) are regarded as the short-

circuit current as seen from Eq. (7.1) [5].  

(7.1) 
𝐼 = 𝐼𝑠𝑐 − 𝐼0 (𝑒

𝑉+𝐼𝑅𝑠
𝑛𝑉𝑇 − 1) 

       Scaling the short-circuit current in a PV module increases the number of cells 

connected in parallel (Np), whereas scaling the open-circuit voltage increases the 

number of cells connected in series (Ns) as seen from  Eq. (7.2-7.3) [5]. 

(7.2) 𝐼𝑠𝑐𝑀 = 𝑁𝑝𝐼𝑠𝑐 

(7.3) 𝑉𝑜𝑐𝑀 = 𝑁𝑠𝑉𝑜𝑐 

    Where 𝑉𝑜𝑐𝑀 and 𝐼𝑠𝑐𝑀 are the module’s open-circuit voltage and the short-circuit 

current, respectively. Substituting parameters from Eq. (5.1) with parameters from 

Eq. (7.1) formulates the I-V curve equation for the PV module as seen from Eq. 

(7.4) [5]. 

(7.4) 
𝐼𝑀 = 𝐼𝑠𝑐𝑀 (1 − 𝑒

𝑉𝑀+𝑙𝑀𝑅𝑆𝑀−𝑉ocM 
𝑛𝑉𝑇𝑁𝑆 ) 
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       Series resistance can be obtained and calculated by correlating its effect on the 

fill factor as seen in Eq. (7.5) [5]. 

(7.5) 
𝑅𝑠𝑀 =

𝑉𝑜𝑐𝑀

𝐼𝑠𝑐𝑀
−

𝑃𝑚𝑎𝑥𝑀

𝐹𝐹𝑂𝑀𝐼𝑠𝑐𝑀
2  

        The Equations (7.4-7.5) are inserted in a SPICE netlist. The values of ISCM, 

VOCM, maximum output power (PmaxM), and the number of cells in parallel and 

series can be inserted in SPICE code to simulate the expected I-V curve of a PV 

module.  

     Although SPICE code did not consider the shunt resistance, the effect of shunt 

resistance was investigated in Chapter 4 and found to cause a reduction in Pmax and 

VOC. Thus, reduced percentages of Pmax and VOC from their initial values were 

quantified and used to calculate the shunt resistance effect on a PV module; this is 

explained further in Section 7.5.3. 

7.3.1 Extracting Parameters from Simulated PV Module 

 

 

Figure 7.1 I-V and P-V curve of PV 100 W PV module.  
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A PV module with electrical characteristics close to the ones found in the real-

world is simulated using SPICE. The simulated I-V characteristic of the module 

has 6.14 A as short circuit-current, an open-circuit voltage of 21.8 V and a 

maximum current of 5.80 A, maximum voltage of 17.24 V, producing roughly a 

maximum-power output of 99.3 W. Figure 7.1 shows the generated I-V and power 

curve from SPICE simulations. 

7.4   Estimated Energy from PV Systems in Ireland 
 

Table 7-1 Estimated yearly energy production in Ireland for a PV string with five 

peak power ratings facing south tilted at 60⁰  angle, at three different scenarios, 

(1)Without extreme degradation, (2) One module with EVA yellow-brown 

degradation, and (3) One module with shunt resistance degradation at 

113.1 Ω cm2. 

Peak power 

of PV string 

(kW)  

Estimated 

annual energy 

(𝐤𝐖𝐡) 

Estimated annual 

energy subjected to 

EVA degradation 

(𝐤𝐖𝐡) 

Estimated 

annual energy 

subjected to Rsh 

degradation 

 (𝐤𝐖𝐡) 

0.6 493.0 455.2 455.2 

1.2 986.0 910.3 925.9 

1.8 1478.9 1365.5 1397.5 

2.4 1971.8 1820.7 2026.1 

3 2464.0 2275.8 2340.7 
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      After simulating the I-V curve characteristics using SPICE, the energy 

produced by a PV string that consists of six modules in Ireland for one year can be 

anticipated by referring to the National Standards Authority of Ireland) (NSAI) 

[245]. It was stated that energy produced from a PV system in kilo-Watt-hours 

(kWh) could be estimated using Eq. (7.6) [245]. 

(7.6) Energy from the PV system (kWh) = 0.8 × kW𝑝 × 𝑆 × 𝑍𝑝𝑣 

Where 0.8 refers to the performance ratio determined by several variables such as 

thermal and cable losses. kW𝑝 is the peak power or maximum power output of the 

system. S is the annual solar radiation in kWh. 𝑍𝑝𝑣 refers to the overshading factor; 

which equals one in clear sky condition and 0.5 in heavy shading. The annual solar 

radiation for different tilt angles was given by Dwelling Energy Assessment 

Procedure (DEAP) software, software offered by SEAI [201] to estimate energy 

production.  

For example, the annual solar radiation for PV string facing south and tilted in 

60⁰   is 1027 kWh. Substituting this value in Eq. (7.6) [245] for a PV string with 

peak power of 600 W, the energy production will be c. 493 kWh annually in clear 

sky condition, and for a 6×5 array system, the estimated energy production will be 

c. 2464 kWh. 

Based on these results, Tables 7-1 and 7-2 show the estimated energy 

production for five array and string systems with different peak power.  
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Table 7-2 Estimated yearly energy production in Ireland for PV array with five 

peak power rating facing south tilted at 60⁰ angle at three different scenarios, (1) 

Without extreme degradation, (2) One module with EVA yellow-brown 

degradation, and (3) One module with shunt resistance degradation at 

113.1 Ω cm2. 

PV System Peak 

Power  

(kW) 

Estimated 

annual energy 

(𝐤𝐖𝐡) 

Estimated 

annual energy 

subject to EVA 

degradation 
(𝐤𝐖𝐡) 

Estimated 

annual energy 

subject to Rsh 

degradation 

 (𝐤𝐖𝐡) 

6×5 array = 3 2465 2424.5 2358.0 

6×10 array = 6 4929.6 4887.7 4736.5 

6×20 array = 12 9859.2 9813.2 9495.2 

6×40 array = 24 19718.4 19660.9 19011.8 

6×80 array = 48 39436.8 39354.6 38044.2 

 

7.5  Energy Loss from PV Systems with a Degraded Module 
 

Figure 7.2  Diagram demonstrates the Vm, Im, and Pmax parameters of a PV-string 

consisting of 6 PV modules connected in series, one of which shows the parameters 

of a degraded module by yellow-brown EVA or by low shunt resistance at 

113.1 Ω cm2. 
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       To quantify the EVA degradation effect on PV string and array systems: 

Firstly, as EVA degradation decreased Pmax and ISC, the lost percentage in Pmax and 

ISC from their initial values of the solar cell (Refer to Chapter 3) is multiplied by 

the Pmax and ISC of the PV module. Secondly, the calculated Pmax and Isc of the 

degraded module are inserted in SPICE to simulate the expected I-V curve. Thirdly, 

from the simulated I-V curve, Im, Vm and Pmax of the degraded module can be 

extracted to investigate its effect when existing in PV string or array systems.  
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Figure 7.3 Diagram demonstrates the Vm, Im, and Pmax of a 6×5 array, one of 

which shows the parameters of a degraded module by EVA or by shunt resistance 

at 113.1 Ω cm2. 

EVA; string 1 parameters: Vm=103.36 V, Im= 5.36 A, Pmax =554 W                

Rsh; string 1 parameters: Vm=99.85 V, Im= 5.55 A, Pmax =554.16 W                   

 

 

String 2 parameters Vm=103.38 V, Im= 5.80 A, Pmax =600 W 

 

 

 

 

 String 3 parameters Vm=103.38V, Im= 5.80 A, Pmax =600 W 

 

 

 

 

 

 

String 4 parameters Vm=103.38V, Im= 5.80 A, Pmax =600 W 

 

 

 

 

 

 

String 5 parameters Vm=103.38V, Im= 5.80 A, Pmax =600 W 
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       Low shunt resistance of the solar cells reduces Pmax and VOC (Refer to 

Chapter 4). Thus, the effect of the shunt resistance degradation on PV string and 

array systems can be obtained by following the same way of quantifying the EVA 

effect, but for Pmax and VOC. After, simulating the I-V curve of the degraded module 

with low shunt resistance, Im, Vm and Pmax can be extracted to investigate its effect 

when existing in PV string or array systems. Further calculations are demonstrated 

to estimate the energy loss due to EVA and shunt resistance degradation in Sections 

7.5.1 to 7.5.3. 

7.5.1 PV String with a Module Showing Yellow-Brown EVA  

 

A reduction in the maximum current of one module connected in a string 

affects the whole string power output. This is because the Im of the string is 

determined by the lowest Im among all PV modules, whereas the Vm of the string is 

the modules’ maximum voltages added altogether [246].  

     After simulating the I-V curve of the affected module by EVA discolouration 

via SPICE, its Im, when extracted, was reduced by 7.59%. Maximum voltage was 

also reduced slightly. Figure 7.2 shows Vm and Im values for each module of 6-

module- string. 

    In this scenario, the peak power of the 6-module’s string reduces to 553.42 W, 

a 7.67% lower than the rated value. The reduction in Pmax percentage for the PV 

strings listed in Table 7-1, when containing a module with yellow EVA 

discolouration, was also 7.67%.  This is because the module with the lowest current 

in a string, as in EVA degradation scenarios, determines the string current as 

explained earlier, i.e., given that the decreased current of yellow EVA causes a 
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reduction in the 6-module-string’s Pmax by 7.76%, it will also reduce the Pmax of a 

30-module string by the same percentage. 

7.5.2  PV Array with a Module Showing Yellow-Brown EVA  

 

      When the EVA discolouration occurs in a PV array, the loss in maximum 

power becomes smaller; the maximum voltage of the array is determined by the 

lowest string’s Vm, whereas the maximum current of the array is the sum of the 

strings Im.  

      For example, Figure 7.3 shows a 6 × 5 PV array system with specified 

parameters for each string. Based on this setting, the peak power of the array 

system becomes 2951 W, a 1.63% lower than rated, reducing the energy 

production in Table 7-2, the EVA case, by 1.63%. It can be concluded that in the 

case of the EVA degradation, the lost power percentage becomes less when the 

number of strings increases in the array system.  

7.5.3 PV Systems with a Module Degraded by Low Shunt Resistance  

 

     Following the same steps in Sections 7.5.1 and 7.5.2 but for the shunt 

resistance’s degradation settings, the Pmax and VOC of the affected PV module are 

inserted into SPICE code to simulate the I-V curve and extracted Vm and Im. The 

level selected for the degraded shunt resistance was before reaching the critical 

point at 113.1 Ω cm2. The average reduction in Pmax and VOC from the five cells’ 

samples investigated in Chapter 4 were 24.4% and 6.4%, respectively. As a result, 

the output Vm and Im at Pmax were 13.7 V and 5.55 A.  
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        Based on this setting, the peak power of the 6-modules string shown in Figure 

7.2 will be c. 554 W, 7.63% lower than the rated power, whereas if the module 

exists in a 6×5 array, the output power will be 4.34% lower than the rated. These 

percentages will be reflected in the annual energy production of the system. As the 

effect of low shunt resistance reduces the module’s voltage, the loss percentage in 

both string and array systems will become smaller when they contain a higher 

number of modules connected in series.  

7.6  Optimal Time for Replacement of Degraded Module  
 

      According to Quaschning [244], the cost for a renewable energy system with a 

return on capital can be calculated by considering the interest rate (𝑖𝑟) and annuity 

factor. Return on capital typically refers to investment and profiting from 

installation costs in the long run. The interest rate is determined by the financial 

institution that offers the debt and is usually depending on the risk factors 

associated with renewable energy such as deficiency of renewable resources. The 

method calculated the cost in € per kWh.  

     To estimate the cost of the renewable energy system; firstly, the total cost (𝐶tot ), 

investment cost or installation cost in the commence year (𝐴0), and maintenance 

cost in the year of maintenance (𝐴𝑖) is calculated using Eq.(7.7) [244]. 

(7.7) 𝐶tot = 𝐴0 + 𝐴𝑖 

The compound interest rate, also known as the discounted rate, is added to the 

equation to be: 

(7.8) 𝑐n = 𝐴0 ⋅ (1 + 𝑖𝑟)n = 𝐴0 ⋅ 𝑞n 
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Where 𝑛 is the number of the investment years (the lifecycle of the PV system), 1 

is the initial capital (𝐴0) given by the financial institute plus the interest rate and 

referred to as 𝑞. If an additional payment 𝐴𝑖 is added to the capital in a specific 

year (n), the interest rate change and 𝐴𝑖 is calculated from Eq. (7.9) [244]; 

(7.9) 𝐴𝑖 = 𝐴𝑖 ⋅ 𝑞−𝑖 

Taking into consideration the annuity factor, which can be calculated as seen from 

Eq. (7.10) [244]. 

(7.10) 
𝑎 =

𝑞 − 1

1 − 𝑞−𝑛
 

Then, with return on capital, Eq. (7.7) becomes Eq. (7.11) [244] 

(7.11) 
𝑐0 = 𝐴0 + 𝐴𝑖 ×

𝑞𝑛 − 1

(𝑞 − 1) ⋅ 𝑞𝑛
 

The cost of the system in kWh (𝑐𝐸) can be estimated by dividing the annual cost 

(𝐶𝑎), which is the product of  the annuity factor and the discounted capital (𝑐0), 

from the generated energy (𝐸a) per year as seen from Eq. (7.12) [244]. 

(7.12) 
𝑐𝐸 =

𝑐0 × 𝑎

𝐸a
 

7.6.1 Cost of 3- kW and 6-kW PV Systems in Ireland  

 

      According to the SEAI’s Frequently Asked Question document [247], the 

average cost of PV grid-connected system installation in Ireland is € 1750 per kW, 

which is close to the survey done by Monaca and Ryan [248]. The breakdown of 

the PV system cost can be taken from [244] and it depends on the size of the 
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system. For instance, for 1 kW system; PV modules accounts for 48%, inverter for 

13%, material for 17%, labour for 15% and 7% for documentation. For systems 

larger than 1 kW, the PV module’s portion increases to 55%, while material, 

labour, and documentations decrease to 16%, 11%, and 5%, respectively.  

Table 7-3 Calculated costs for 3 kW PV string and 6 kW PV array. 

Type of system   

10-module string 

(3 kW) 

6×10 array 

(6 kW) 

Installation cost (€)  6155.7 11405 

Annuity factor  𝒂 0.0710 0.0710 

annual energy 𝑬𝐚 (kWh) 2465  4929.6 

Cost 𝒄𝑬 (€ /kWh) 0.177 0.164 

 

For a residential 3 kW PV system in Ireland, the installation cost (𝐴0) will be 

c. € 5250 [247]. The inverter needs to be changed after ten years, its estimated cost 

is c. € 1475.33 [248]. 𝐸a annual energy production from a 3- and 6-kW PV system 

can be taken from Table 7-1 and 7-2. The interest rate was assumed to be 5% based 

on a cost study in Ireland by Ayompe et al. [249]. After having the necessary 

values estimated, the cost with return on capital can be calculated from Eq. (7.7-

7.10) [244]. Table 7-3 shows the estimated cost for two PV systems; 3 kW and 6 

kW. 
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7.6.2  Cost Comparisons for Replacement of Degraded PV Module  

 

To compare the cost of a system operated with a degraded module and the cost 

of that system when this module is replaced, the following points need to be noted: 

A)  The cost of module replacement is added to Eq. (7.8). The cost of replacing 

a degraded PV module depends on the manufacturer’s and maintenance 

companies’ prices, but it can be calculated from the installation cost 

breakdown. PV modules account for 55%, understanding that the system 

consists of 30 modules, at 100 W each, the cost of one module will be 

roughly € 97. The labour cost for replacing a module is approximately 

€ 222 on average. Therefore, the replacement cost of a degraded module 

will be c. € 319 [250]. 

B) 𝐸𝑎  , the annual generated energy needed to be evaluated for the two 

systems: one operated with a degraded module, the other with a replaced 

PV module.  

C) It must be noted that the cost is highly affected by time; therefore, the cost 

for four different times was calculated; a PV system with module degraded 

in year 5, year 10, year 15, and year 20 of operation. That means, if the 

system is operating at maximal power production in the first four years, and 

then one module degraded in the fifth year, the cost of the first four years 

should be calculated separately from the next twenty-one years and the 

lifetime cost for the 25 years is estimated.  
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Taking these points into consideration results are presented in Figures 7.4 and 

7.5. In Figure 7.4, replacing a degraded module, with either EVA discolouration or 

low shunt resistance, in a 3-kW rated PV-string is more cost-effective, except if 

the replacement of the degraded module with low shunt resistance proceeded in 

year 20.

 

Figure 7.4 Estimated cost for a PV string consisting of 10 modules at four different 

times of degradation.  Where: (A) Estimated cost when replacing an irreversibly 

degraded module in the system, (B) Estimated cost of the PV system when one 

module is degraded by yellow-brown EVA, (C) Estimated cost of the PV system 

when one module is degraded by low Rsh at 113.1 Ω cm2.  

      However, replacing the degraded module with EVA at twenty years was almost 

similar to keeping it running in the system. Also, it is more costly to replace a 
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degraded module with low shunt resistance in the same year. However, risk 

management associated with keeping a faulty module in the system is required to 

make the right decision. For example, disconnecting solar bonding may lead to 

safety concerns in the worst-case scenario.  

 

Figure 7.5 Estimated cost for a PV 6×10 array system at four different times of 

degradations.  Where: (A) Estimated cost when replacing an irreversibly degraded 

module in the system, (B) Estimated cost of the PV system when one module 

degraded by yellow-brown EVA, (C) Estimated cost of the PV system when one 

module degraded by brown EVA, (D) Estimated cost of the PV system when one 

module degraded by low Rsh at 113.1 Ω cm2.  
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Figure 7.5 shows the cost of replacing a degraded module in the 6×10 array 

system. It can be noticed that replacement cost in PV array system is higher when 

compared to a string system. This is because the effect of a degraded module in the 

array system becomes less severe, which makes the optimal time for replacing a 

degraded EVA module when the EVA turned to brown.  

The cost for swapping a yellow-brown EVA in this scenario is higher. Once 

more, risk management is needed to ensure the failure is mild, exploring if the only 

cause for yellowing was UV light exposure, rather than other hazardous failure 

mechanisms that may lead to catastrophic progressive failure in the system. On the 

other hand, swapping a module with low shunt resistance at 113.1 Ω cm2 is more 

cost-effective at all times except at or after 20 years of the system age.  

7.7  Conclusion  
 

The cost of replacing a degraded module with 113.1 Ω cm2 shunt resistance 

was analyzed.  Results have shown that it is more cost-effective to replace a 

degraded PV module in PV array and string systems unless the replacement will 

be at the end of the PV module lifecycle, specifically, in year 20 or more of the 

system lifetime. Replacing a PV module with mild discolouration of EVA, 

particularly yellow-brown, seems to be costly in the array system.  

However, when it comes to cost analysis, several factors should be taken into 

consideration: 

a) The setting of PV string and array, meaning the number of modules in a 

string or array. The cost analysis in this chapter considers one setting for 

each. 
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b) The normal degradation rate is 0.8% per annum, this was not counted 

when performing the analysis, i.e., the analysis was based on a single 

module that experienced a higher degradation rate than others or failure. 

c) It might be argued that replacing a module that started to show critical 

degradation symptoms will lead to mismatch failure. In fact, it is 

otherwise, i.e., retaining such a module in the system will lead to 

a mismatch [62]. 

      The replacement cost of a PV module before becoming critical in a PV string 

or an array system was not commonly analyzed in the literature. There is, 

nevertheless, a study by Orkizis [251] that showed the replacement of one PV 

module affected by a short-circuit failure in a (37×25 array system, 180 W each), 

is cost the same as keeping it in place.  Table 7-4 compares key findings from 

Orkizis [251] and the results realized in this chapter. 

Table 7-4 Comparison between the cost analysis used in Orkizis [251] and the 

one followed in this chapter. 

Scientific 

Articles versus 

Existing Work 

Approach Used 

Orkizis [251] Evaluated the effect of a PV module with an open circuit or short 

circuit failure in an array system, where the failed PV module 

produces no power. The results agreed with the findings in this 

chapter in which the setting of the array significantly 

characterises the power output, hence, affecting the cost.  The 

cost analysis was based in Italy.  

Existing Work Evaluated the effect of a PV module suffering from either EVA 

discolouration or low shunt resistance in different settings of PV 

string and arrays, where the failed PV module still produce 

power. The replacement cost in one PV string and one array 

setting was compared based in Ireland.   
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8 Chapter 8| Conclusions, Summary and Outlook 

 

      The thesis conclusion is divided into three parts: contributions, summary, and 

proposal of future works.   

8.1  Contributions 
   

The dissertation revolves around finding comprehensive techniques to predict 

and detect the early degradation of PV modules. As methodological contributions 

in the thesis deal with testing the linkages between different constructs, the thesis 

contributes to the PV field by identifying gaps that need to be fulfilled through a 

comprehensive literature review. Reviewing the scientific literature provides a 

better understanding and summary of the obstacles that must be overcome, 

particularly detection techniques of degradation mechanisms of PV modules (Refer 

to Chapters 1 and 2).  Exploring the scientific literature solidifies the thesis 

approach, and allows rigid investigational studies to be constructed on a methodical 

basis (Refer to Chapters 3, 4, 5, 6 and 7). This allows trustworthy data to be 

generated to perform accurate analyses that develop viable and valuable solutions 

to the degradation problem. 

A combination of experimentation and simulation approaches delivered 

methodological contributions to the detection and prediction techniques of PV 

failures. Data collected from experiments to observe a progressive degradation of 

solar cells (Refer to Chapter 4) was analysed to develop and optimise novel and 

simple detection models of PV failures.   

Further, the importance of simulation (Refer to Chapters 3 and 5) in the 

detection of PV failures was emphasised. Referring to Chapter 3, EVA degradation 
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had already been investigated through experiments (Refer to Chapters 1,2, and 3), 

however, when accurate simulations kicked off, the results flow in a broadened 

range, defining more degradation points that have assisted in originating a 

mathematical model. The same case has been noticed by referring to Chapter 5, 

results from shunt resistance degradations have been experimentally obtained 

(Refer to Chapter 4). Simulations create more degradation scenarios, thereby 

enabling detection of failed cells in PV modules and ensuring it is still feasible to 

detect these types of failures. Referring to Chapter 7, evaluation of the cost cannot 

be conveniently realised without simulation scenarios.              

The beginning of the thesis identified two major mechanisms of PV 

degradation (Refer to Chapters 1 and 2). The simulation and experimental 

approaches followed by the thesis have led to the subsequent contributions: 

• A novel model to predict and detect the early onset of EVA encapsulant 

failure (Refer to Chapter 3). 

• Determining the critical point for shunt resistance degradation (Refer to 

Chapter 4). 

• Novel models to predict and detect shunt resistance degradation before 

reaching the critical point (Refer to Chapter 4). 

• A novel model to predict failed cells in PV modules, and a start for future 

simulation studies to generate enough data that can be trained by machine 

learning models (Refer to Chapters 5 and 6) 

• Determining the optimal time to replace a PV module affected by EVA and 

shunt resistance degradations (Refer to Chapter 7).  

The criteria given by Pillai and Rajasekar [47] were considered when 

developing the predictive models, the models are; 
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A)    Simple: can detect failures and degradation by applying unsophisticated 

steps and basic mathematical calculation (Refer to Chapters 2,3, and 5).  

B)     Applicable in most PV modules: these models were tested and found to 

be practical to the polycrystalline modules, one of the most commercial types of 

PV. Although they were not tested on other common types of PV like 

monocrystalline and thin films modules, these types of PV are of the same nature 

as polycrystalline, and they are supposed to be of no significant difference. Organic 

and perovskite solar cells seem promising technologies in the future, it is 

recommended to test the predictive models presented by the thesis on those types.  

C)    Not interfering with power output or causing a blackout: some detection 

techniques such as EL or IR imaging requires the PV module to be dismantled from 

the PV field to carry on test in the workshop which causes a temporal blackout. In 

some developed technologies of IR or EL imaging, causes a shading that will 

interfere with the power. The literature contains many studies that discuss this 

problem and suggest a solution to tackle it. Unlike these detection techniques, the 

developed models can detect PV failure without interfering with power or causing 

a blackout. 

D)    Pinpointing and classifying between failures: the developed models were 

tested to detect the two main degradation mechanisms of PV modules, in which 

most PV failures progress after these mechanisms initiate. By detecting 

degradation at its early onset, the developed models will prevent these failures from 

emerging by allowing an earlier corrective action to be taken. The distinction 

between the two degradation mechanisms was demonstrated (Refer to Chapters 4 

and 6). This criterion, therefore, was partially met . It is proposed in the ‘future 

works’ section to conduct more experiments that were reported in the literature to 
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identify the reduction range of shunt resistance. Hence, optimising the developed 

models to meet this criterion. 

E)    Cost-effectiveness: the developed models were cost-effective and did not 

require expensive instrumentations to be applied (Refer to Chapters 3 and 4). 

Furthermore, the developed model of shunt resistance (Refer to Chapter 4) 

degradation is even less costly by eliminating the instrumentation for solar 

irradiance measurements . 

By meeting four of these criteria as well as meeting most of the expected 

contributions (Refer to Chapter 1), the original work presented in this thesis has 

contributed to the body of knowledge by demonstrating how progressive failures 

are indicated by key PV cell parameters and by advancing the detection techniques 

for PV failures. The thesis’s summary linked to the stated contributions is 

explained further below. 

 8.2 Thesis Summary  
 

This dissertation has entailed a body of knowledge and information by 

highlighting the global growth rate in PV modules deployment and stressing the 

need for an accurate monitoring system to ensure a reliable operation of the PV 

system. It showed that higher degradation rates and failures when they occur cause 

a significant reduction in power output and, in the worst-case scenario, may 

become catastrophic. This motivated the author to search for a novel approach to 

detect PV failures or critical degradation at the early stages via the PV’s I-V curve 

measurements to prevent disastrous consequences.  

A state-of-the-art literature review was conducted to scan PV failures, types, 

and their root cause (Refer to Chapter 2). PV module is constructed with different 
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components, and each is made from different materials. The literature showed that 

each element is vulnerable to specific types of failures. Some are considered mild; 

others may start mildly and then deteriorate faster, especially in harsh 

environments. It also revealed that the degradation mechanism usually starts with 

EVA degradation, appears as discolouration, classified under optical failures. In 

comparison, losses related to solar cells, cell bus bars, bypass diodes and junction 

box components are classified under electrical failures. The electrical failure and 

degradation mechanisms, when they occurred, were found to decrease the shunt 

resistance of the cell, impacting the generated I-V characteristics.  

In terms of failure detection techniques, it was pointed out that they should be 

simple, applicable in most PV systems, cost-effective, accurate, and detect failures 

at low solar irradiance. Typically, detection starts with visual inspection and then 

employs more instrumental devices like infrared imaging. However, these devices 

are costly and uncomprehensive, i.e., designed only to detect limited types of 

failures. However, electrical characterization, which includes monitoring the 

PV’s I-V curve, infers most PV failures from the shifts in the output parameters. 

That seems to explain why it is the most common detection technique.  

Since the literature revealed that detection and predicting failures at the early 

stages protect the system from potential risks, simulations and experiments of early 

degradation scenarios were conducted: EVA discolouration and low shunt 

resistance (Refer to Chapters 3,4,5,6 and 7). This allowed us to monitor the 

alteration of I-V characteristics when degradation mechanisms initiate.  

A simulation analysis based on experimental data from Pern et al. [83] assisted 

in proposing a novel approach to detect the onset of degradation mechanism caused 
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by EVA discolouration has been used (Refer to Chapter 3). The simulation was 

attained by simulation of the solar spectrum received by EVA at several 

degradation stages. This enabled the extraction of the short-circuit current density 

and hence the I-V major parameters in healthy and faulty EVA scenarios. The 

simulation outcomes showed that short-circuit current was highly linear when 

correlated with different levels of expected solar irradiance subjected to EVA 

degradation. However, ISC was reduced at EVA discolouration, noticeably 

increasing with a linear fit slope. Therefore, it was used and employed as a simple 

linear model to detect the early onset of EVA degradation.  

An experiment was set to monitor the degradation and failure mechanisms by 

reducing the PV’s cell shunt resistance (Refer to Chapter 4). Fourteen levels of 

shunt resistance were investigated. Results showed that reduced shunt resistance 

directly influenced Pmax, VOC, and fill factor. The threshold point was determined 

to be c. 100 Ω cm2, indicating the degradation is heading to catastrophic failure. 

After that, two novel linear models were employed to detect PV degradations and 

losses associated with low shunt resistance. These models correlate short-circuit 

current with open-circuit voltage and maximum-power output at different 

illumination levels. The slopes in these linear models were increased and can be 

used to detect degradation before the threshold point, allowing for corrective 

actions to be taken. 

Then, the I-V curves generated at low shunt resistance levels were accurately 

simulated via SPICE to detect failed cells when they existed in a PV module, e.g., 

cell cracks, snail tracks, mismatch, and potential induced degradation (Refer to 

Chapter 5). In the simulation, the series resistance and saturation current densities 
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were increased with the shunt resistance reduction to model similar I-V curves. 

This may indicate that these hidden parameters are altered in case of failure.  

The same approach has been used to detect these failures. However, the 

increase in slope when a few cells fail is considered insignificant, which requires 

precise monitoring to capture it. Furthermore, a mathematical equation was 

proposed to estimate the number of defective cells in a PV module, allowing a 

planned and appropriate time for corrective action to be considered.   

These models developed from simulation and experimentation relating to 

degradation scenarios and I-V major parameters are applicable, straightforward, 

and easily implemented for online monitoring systems. Moreover, the level, type 

of degradation, and reversibility can also be classified by training a machine 

learning model (Refer to Chapter 6). A direct example of ML showed that machine 

learning models are practically effective and could be trained to classify between 

these degradation mechanisms. 

Environmental stress influences are one of the dominant causes of PV failure 

and degradation. Dhahran city in Saudi Arabia has harsh weather; high 

temperature, relatively high humidity, and dusty make it a suitable location for 

severe weather experiments (Refer to Chapter 6). Findings showed that dust 

accumulation leads to a reduction in short-circuit current in a short time, 

particularly days. Moreover, measurements of a module diagnosed with a hotspot 

were also taken. As a result, the hotspot module loses power with a reduced fill 

factor. This helps to understand the required corrective action in failure incidents, 

where shading caused by dust needs regular cleaning, and to replace a module 

identified with a hotspot is recommended to restore maximal power output.  
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On this basis, replacement costs for a degraded PV module, specifically for 

EVA degradation and shunt resistance degradation, in a PV string or array systems 

were estimated and compared using the approach given by Quaschning  [244] 

(Refer to Chapter 7). Results showed that replacing a module identified with 

yellow-brown EVA or shunt resistance degradation was more cost-effective, rather 

than operating in a string system, even if the replacement is made at a time close 

to the system’s end-life cycle, precisely in year 20. 

The same results were found for replacing a degraded shunt resistance module 

in a PV array system except for replacement before the end-of-life cycle, in year 

20. However, replacing the module at the early stage of EVA degradation, yellow-

brown discolouration, was costly. Therefore, the optimal time for replacement was 

after the EVA experienced brown discolouration. Optimal time also depends on 

the cause of discolouration and whether it is considered mild with no potential 

risks. 

8.3  Future Works  
 

Good research that answers specific questions opens the doors to new 

questions. In brief, the thesis described and analysed in-depth PV failures and 

degradations, demonstrating the risk they provide to the system. Detecting them 

early assures the PV system's safe and dependable operation. In this regard, the 

research reported in this thesis has resulted in comprehensive, simple, and cost-

effective models that can detect these malfunctions and be easily used in PV 

monitoring. Further suggestions about questions that arose from the thesis can be 

proposed as follows:  
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➢ In Chapter 3, a novel model was proposed to detect uniform degradation 

of EVA. Experimental and simulation can be carried out to investigate 

the non-uniform degradation of EVA. That is, EVA discolouration 

becomes more severe in some cells rather than others. Consequently, 

the transmittance of some cells becomes less than others and generates 

a less photo-generating current.  

➢ In Chapters 4 and 5, shunt resistance was linked with PV failures and 

degradation. Further experiments for each failure’s mechanism, listed 

in the literature review, chapter 2, can be conducted to quantify the 

reduction range of shunt resistance and its reflection to I-V parameters. 

Then, machine learning models can be built and implemented to 

classify PV failures and degradation mechanisms. Furthermore, it has 

been shown by Wohlgemuth and Kurtz [40] that increment of series 

resistance in PV module may lead to disastrous consequences resulting 

from fire. Even though Chapter 5 showed through simulations that 

series resistance increment is coupled with shunt resistance reduction, 

further experimentation on series resistance is proposed.   Finally, many 

PV failures start with one cell and then distribute to the other cells of 

the PV module in a matter of time; the author has found from the 

literature that PID and microcrack are among these failures. 

Comprehensive literature reviews and experiments are proposed to list 

and determine all these failures, quantifying the time they take to cause 

a critical degradation in a PV module.   

➢ In Chapter 6, harsh weather, scorching with high relative humidity and 

dusty conditions, such as in Dharan, Saudi Arabia, is problematic for 
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PV modules. However, as long as the weather has high relative 

humidity, experiments to investigate if condensing the water vapour is 

applicable to clean the PV module from dust and decrease the operating 

temperature are proposed.  
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