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ABSTRACT  

The main objective of this research is to develop reliability assessment 

methodologies to quantify the effect of various environmental factors on photovoltaic 

(PV) module performance degradation. The manufacturers of these photovoltaic modules 

typically provide a warranty level of about 25 years for 20% power degradation from the 

initial specified power rating. To quantify the reliability of such PV modules, the 

Accelerated Life Testing (ALT) plays an important role. But there are several obstacles 

that needs to be tackled to conduct such experiments, since there has not been enough 

historical field data available. Even if some time-series performance data of maximum 

output power (Pmax) is available, it may not be useful to develop failure/degradation 

mode-specific accelerated tests. This is because, to study the specific failure modes, it is 

essential to use failure mode-specific performance variable (like short circuit current, open 

circuit voltage or fill factor) that is directly affected by the failure mode, instead of overall 

power which would be affected by one or more of the performance variables. Hence, to 

address several of the above-mentioned issues, this research is divided into three phases. 

The first phase deals with developing models to study climate specific failure modes using 

failure mode specific parameters instead of power degradation. The limited field data 

collected after a long time (say 18-21 years), is utilized to model the degradation rate and 

the developed model is then calibrated to account for several unknown environmental 

effects using the available qualification testing data. The second phase discusses the 

cumulative damage modeling method to quantify the effects of various environmental 

variables on the overall power production of the photovoltaic module. Mainly, this 
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cumulative degradation modeling approach is used to model the power degradation path 

and quantify the effects of high frequency multiple environmental input data (like 

temperature, humidity measured every minute or hour) with very sparse response data 

(power measurements taken quarterly or annually). The third phase deals with optimal 

planning and inference framework using Iterative-Accelerated Life Testing (I-ALT) 

methodology. All the proposed methodologies are demonstrated and validated using 

appropriate case studies.  
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CHAPTER 1  

INTRODUCTION  

1.1 Background & Motivation  

Over the past few decades, there has been an exponential growth of photovoltaic 

(PV) industry, due to reduced and competitive LCOE, levelized cost of electricity. This 

growth is tremendous over the past few years such that the total installed capacity of PV 

modules has been projected to reach 1000 gigawatts by the year 2023 as shown in Figure 

1.1 [1].   

 

Figure 1.1: Solar PV Generation and Cumulative Capacity by Region from International 

Energy Agency (IEA) [1].  

As of 2019, the actual LCOE for new utility scale solar PV systems in United States 

is between $0.07/ kWh and $0.13/ kWh, and this value varies depending on factors like 

location of plants, federal and state incentives, etc., [2]. The goal of SunShot Initiative of 
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US Department of Energy is to make solar-generated electricity cost for a utility scale target 

of $0.06 per kWh by 2020 and to $0.03 per kWh by 2030. This cost is, for a location with 

moderate solar resource (for example, Kansas City (Missouri), around $0.10/kWh without 

incentives [2]. For the commercial and residential sectors, the SunShot initiative sets 

targets of $0.07 and $0.09 per kWh, respectively.   

The potential impacts on LCOE with changes to selected metrics like module price, 

efficiency, and degradation rate on the overall module lifetime that could enable the utility 

sector to achieve the SunShot’s target of 6 cents per kWh is shown in Figure 1.2. In the 

graph (Figure 1.2), the inverter, balance-of-systems, and overhead contributions are held 

constant at $140/m2, which corresponds to $0.70/W at 20% efficiency. It can be seen that 

very high reliability and efficiency could even support module prices as high as $1.00/W 

and still achieve the 6 cents per kWh goal, which can be seen on the green color curve. 

Conversely, for a technology that has very poor reliability, it becomes more challenging to 

realize the 6 cents per kWh goal. To reach SunShot initiative's goals and demonstrate the 

level of technological innovation, Rebecca Jones et al. [2] at DOE (Department of Energy) 

identified various aspects like manufacturing costs, efficiency, reliability and durability, 

that need to be improved for achieving $0.06/kWh by 2020.   
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Figure 1.2: Metrics to Achieve Utility Scale SunShot Target [2].  

This research mainly revolves around the reliability aspect of the PV modules since 

the ability to accurately predict the PV system performance over time has not been fully 

developed, yet it plays a major role in influencing the perceived risk of financing PV 

projects. Photovoltaic modules deployed in the field experiences a variety of failure modes 

depending on the manufacturing quality, module technology, electrical configuration and 

more importantly the climatic conditions. Typically, the module manufacturers provide a 

warranty level ranging between 25 to 30 years for the retention of 80% of the rated power. 

Kuitche et al. [3] have reported the investigation of several failure modes in the field aged 

PV modules and there are around 86 different types of failure modes occurring due to 
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defects in manufacturing, environmental stresses etc. Though there are lots of quality 

control tools that can be utilized for online monitoring and defect reduction during 

manufacturing, the defects occurring due to specific environmental stresses, especially for 

field deployed modules are still being explored. The main reason is due to the rapid 

evolution of module technology, unavailability of complete performance data, etc. It is 

very difficult to obtain the module performance data directly from manufacturers and there 

is not enough public data (from research labs, private industries) available to study all the 

failure modes occurring in the field. Even in case of crystalline silicon modules, which 

have penetrated the market for the past 35 years as opposed to thin-film modules, there is 

not much data on all the defects and other performance characteristics that have been 

reported. A common scenario is that the users purchase the modules, installs in the field 

and does not collect much failure or degradation related information after that. Hence, to 

calculate the module or system performance over time, say the degradation rate, the initial 

nameplate rating needs to be compared with the measurements taken after some years, say 

10 to 15 years. By assuming a linear degradation path, the degradation rate is reported most 

of the time [4].  

A naïve approach to study the degradation pattern is to install the modules and wait 

another 25 years to gather the data and study the failure mechanisms, measure the actual 

performance losses, etc., but it is impractical due to the dynamic nature and high volatility 

of PV market. To alleviate such problems and study the module reliability or decide on the 

module’s warranty level, the Accelerated Life Testing (ALT) and Accelerated Degradation 

Testing (ADT) provides a viable way by exposing the modules at high stress levels to 
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accelerate the failure modes and mechanisms. The acceleration testing results are 

extrapolated using the physics based and/or statistical regression models (a function of 

environmental stress factors) to determine the reliability of the modules at use condition 

using an acceleration factor (AF). If the value of acceleration factor is known, then the 

performance of PV modules in any field can be easily predicted using the available 

environmental data from local weather stations.   

But it is not an easy task to find a good estimate for AF because of the complexity 

involved in planning and conducting the accelerated tests due to lack of prior information 

in the solar PV community. In case of conducting ALT, there is a necessity to have an idea 

about the prior models and failure information of at least similar products to design the 

tests, especially to decide on the levels of each factor, censoring information (either type I 

or type II), sample size allocation, and many more. Since the PV technology is new and 

volatile, there is no prior information available and hard to get any information directly 

from the manufacturers. The International Electrotechnical Commission (IEC) has 

specified several qualification tests to study various infant mortality failure modes. But 

most of these tests are conducted at only one level for each factor and uses output power 

(Pmax) as qualifying/response factor. When the module power drops by more than 5% of 

the initial power, then it is considered to be failed in the specific accelerated test of the 

qualification testing program. But, considering Pmax to study the wear-out failure modes 

is not a good approach, since power is a combination of three variables, short circuit 

current, open circuit voltage, fill factor. Each failure mode has a varying effect on all these 

parameters, and hence it is essential to monitor these specific parameters to quantify the 
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respective failure mode. But, as said earlier, there is not much information available to 

design the tests with these module specific parameters to accurately quantify the individual 

failure modes.  

Hence, the first part of this research focuses on tackling the problem of deriving the 

prior models and estimates from limited field data and deriving the acceleration factor to 

predict the module reliability using degradation specific parameters. Since there was 

sparsity in the available historical data to us (only the initial and final performance 

measurements from Arizona and New York are available), it was not possible to build 

model to include all the environmental effects. Hence, a calibration factor is introduced to 

account for those unknown effects and get an accurate estimate of the model parameters 

like activation energy. The next part of this research focuses on building a continuous time 

degradation model and quantifying the complete degradation path (output power) of the 

crystalline silicon module technology. The dataset comes from a different test site at 

Colorado but for the same crystalline silicon technology. The input data like temperature 

are recorded more frequently when compared to the response variable (power at standard 

test conditions).  The Jet Propulsion Lab (JPL) report [5] has provided the discrete 

environmental binning approach to quantify the degradation path but this model can still 

be improved by building a continuous time degradation model. Hence, in this research, the 

cumulative damage modeling method is used to incorporate the dynamic covariate 

information and quantify the actual degradation path. The third part of this research deals 

with conducting the accelerated life tests and obtaining a good model estimates to predict 

the reliability. The traditional design of experiments techniques may not be suitable for 
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accelerated life test designs, since it does not incorporate censoring information and other 

metrics for designing ALTs. Moreover, since the accuracy of the model estimates directly 

depends on the experimental data, whose quality depend on the prior information used in 

designing the tests, it is not an easy task to quantify the reliability of the modules in a single 

stage of testing. To overcome these difficulties, an iterative ALT methodology is proposed 

with real case study of PV modules.  

1.2 Literature Review  

A brief review of PV degradation modes, field degradation rates, and their 

respective accelerated test procedures, standards, and results are summarized in [3], [6], 

[7]. Around 86 different types of defects have been reported in the field due to poor 

manufacturing, dynamic environmental stresses in the field etc. A survey on the risk levels 

related to different defects that occurred in field aged PV module has been reported in [8], 

[9]. As far as PV modules are concerned, the dynamic stresses due to varying climatic 

conditions in the field, such as temperature, ultraviolet (UV) radiation, and relative 

humidity (RH) are the primary causes of various failure modes like encapsulant browning, 

Inter-Metallic System (IMS) degradation etc.   

The International Electrotechnical Commission (IEC) qualification testing standard 

IEC 61215 [10] specifies a variety of accelerated testing protocols to study the effect of 

various environmental factors to certify the modules to be installed outdoor. However, 

there are not many test protocols available to study all the failure modes. Most of the 

qualification test protocols provide the stress levels to which the modules should be 

exposed but there has not been much information on the planning and design stages like 
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sample size allocation, censoring type, optimum stress levels and the details about the type 

of parametric models, parameter estimates, etc., for each tests are yet to be statistically 

validated. This is because, most of the qualification tests are short (less than 2 months) and 

are conducted using only one stress level for each factor (for example, only one thermal 

cycling profile for the temperature stress and only one damp heat profile for the humidity 

stress), thus making it hard to build a reasonable model.  

The most important consideration in qualification testing is that, even though a 

module passes the test, it does not mean that it will necessarily survive for such a high 

warranty period of 25-30 years. The qualification tests usually help to eliminate infant 

mortality. The qualification tests are not designed to identify and quantify wear‐out 

mechanisms. Jorden et al. [4], [7], Raupp et. al [22] and Wohlgemuth et al. [12]–[16] 

studied the degradation rates of the modules across various locations and there has not been 

a convincing evidence that all the certified/qualified modules would degrade at the same 

and very low degradation rates at all climates.  Hence, there is a need to conduct the tests 

for increased time duration as well as accelerate the tests to multiple levels than the 

qualification testing standards to achieve the desired reliability target.  

Usually, the life testing of PV modules is carried out by exposing the modules to 

specified stress levels and measuring the power degradation for all kinds of tests. When 

the output power of a module drops below a certain threshold from initial or nameplate 

measurement, then the module is failed during qualification testing. But the climate 

specific failure modes directly affects the specific parameters like current, voltage, etc., 

thereby reducing the power production. Also, extensive field analysis from Kuitche et al. 
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[3], [17], TamizhMani et al. [6], [18], Wohlgemuth et al. [13] confirms that the individual 

parameters like short circuit current (Isc), open circuit voltage (Voc) and fill factor (FF), 

which contributes to maximum output power (Pmax) given in Equation (1.1), are affected 

to different degrees with respect to the degradation mode and the location where the 

modules are installed.   

 Pmax = Isc ∗ Voc ∗ FF          (1.1)  

Therefore, it is necessary to conduct the life testing based on the failure specific 

parameters rather than observing power output for all the tests [9].  But, as said earlier, 

there has been not much information available to conduct these tests, thus making it hard 

to study these failures accurately.   

Another problem is that in practice, the accelerated stress tests should be designed 

in such a way that the test should replicate the failure mechanism that the module 

experiences outdoor. But it is not practically possible to exactly replicate the actual field 

conditions within the test chamber considering the test duration and cost limitations. The 

actual performance degradation in the field can be due to the combined effect of many 

environmental stresses at multiple levels and the accelerating test chamber might have its 

own practical limitations. Most chambers could accommodate at-most two or three factors 

at a time depending on the environment factors being simulated. In order to accommodate 

for such uncertainties, Pan [19] proposed the idea of calibration factor for integrating the 

field uncertainties with accelerated life testing model and make a more accurate prediction. 

Wang et al [20] used the idea of calibration factor with a Bayesian inference framework to 

relate the ALT and field conditions. In their method, once the accelerated life testing is 
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completed, the resulting data is modeled and calibrated using the field conditions. A 

calibration factor is established to statistically calibrate the model parameters and achieve 

a good prediction that is more reasonable in cases without explicitly considering the 

unknown environmental stresses. But as stated earlier in this research, there are no 

accelerated test results available for studying the specific failure mode using the specific 

performance parameter. But it is essential to eliminate the effect of any other failure modes 

affecting the same performance parameter to get more accurate estimates.  

Most of the problems in the first part of this research deals with the problem of data 

sparsity and unavailability of prior information to study the specific failure modes by 

measuring the performance parameter that directly causes the failure mode instead of using 

the usual power degradation. The field and test data are collected from Arizona (hot and 

dry climate) and New York (cold climate) and are available at PRL, ASU [21]. Note that 

the performance measurement was taken after 18 years in New York and 21 years in 

Arizona; and the degradation was measured based on the initial nameplate rating provided 

by the manufacturer. This caused a big limitation in quantifying the actual degradation path 

since the data was not continuous and insufficient. Hence, the second part of the research 

deals with building a continuous time degradation model to quantify the overall power 

degradation using the additional degradation measurements of similar technology (c-Si) 

but installed at different location. In this case, the performance measurements were taken 

for every year or once every two years at test site at Colorado. Since the environmental 

stresses plays a major role in degradation and the weather data is collected for every hour, 
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it is important to find a way to incorporate the high frequency time varying covariates to 

model the complete degradation path with sparse response data.  

Koyler, Mann and Farrar [5] incorporated the environmental effects on the 

degradation modeling of PV modules (especially for solar cell encapsulants) using 

accelerated test data. In their study, at first, a discrete environmental cell approach was 

used with each cell covering the distinct interval of various environmental factors. The 

number of hours over which the combination of weather conditions occurred was 

calculated. For instance, if an environmental cell range is arbitrarily defined to be 60◦C to 

70◦C module temperature and 60% to 70% relative humidity, the number of hours over 

which these conditions occur in the field can be obtained from the local weather data. The 

degradation rate for the corresponding cell can be determined by using the physics-based 

rate equations. Then, the degradation rate is multiplied by number of hours to determine 

the amount of degradation in that specific environmental cell. This process is repeated for 

each cell and the summation of all cells determines the overall degradation. But this 

arbitrary discrete time degradation modeling approach can be improved using a continuous 

time model since there is abundant weather data available due to the development of highly 

sophisticated sensors and data collection system.  

References [4], [7], [22] provide a detailed investigation of degradation rates for 

various module technologies installed across diverse climatic conditions. But this study has 

not reported the quantitative effects of environmental variables on degradation rates, which 

is require for the development of appropriate accelerated life tests to study the individual 

degradation modes. The incorporation of time-varying covariates into degradation models 
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have been previously discussed via Bayesian linear degradation path models [23] and 

stochastic degradation models [24], and Nelson [25] introduced the idea of incorporating 

the time-varying covariates into the cumulative distribution function (cdf) of the 

degradation process. The general statistical models and data analysis methods of using 

accelerated test data to predict population reliability in service are explained in [26] and 

[27]. Most importantly, Hong et al. [28], [29] extended Nelson’s approach [25] by using 

B-spline models to incorporate the unknown effect of dynamic covariates on the 

degradation behavior. But the disadvantage is that the spline-based models and other 

models like neural networks does not provide help with the physical interpretation of the 

factor effects, thus making it complex to understand the material related properties like 

activation energy, relative humidity exponent, etc. For such reasons, it is essential to stick 

with the physics-based models like Arrhenius model, Peck model, etc  

Escobar and Meeker [30] provide a good review regarding the functional forms of 

various accelerated test models like Arrhenius model (function of temperature), Peck’s 

model (function of temperature and humidity), Coffin Manson model (function of static 

and cyclic temperature) and inverse power law models to study the effects of various 

environmental factors. Pan et al.  [31] showed that the information about dynamic 

covariates can be incorporated to model the degradation path of PV modules using these 

physics-based models. But, the study considered only the average factor effect instead of 

continuous values of dynamic covariates with the only factor being ambient temperature. 

This average statistic of the environmental factor approach is improvement to the 

environmental cell approach [5] but the model can still be improved and also there are more 
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than one stress factor playing an important role in power degradation of the module. Hence, 

in this research, the cumulative damage modeling method is proposed to incorporate the 

high frequency time varying multivariate information to model the sparse degradation data.  

Once the prior information about the product is available, it is necessary to conduct 

actual experiments. The prior models and estimates play a helping hand in designing the 

tests and obtain reasonable estimates to derive the acceleration factor. Meeker et al. [32], 

[33] discussed various pitfalls of ALT for various phases like planning, conducting and 

analyzing the ALT data. There are several problems been stated such as ignoring the effects 

of interactions between the factors, complex data analysis methods and testing protocols, 

etc., among many others. The most important consideration is the quality of the estimates 

which depend on the properly designed and conduction of ALT, which in turn depends on 

the collected prior information.   

Bessler et al. [34] demonstrated the importance of iterative ALT and came up with 

the idea of optimal iterative ALT design. The proposed iterative ALT is an important 

strategy for niche products in which the parameter uncertainties are quite high due to the 

lack of complete information. Instead of conducting the experiments all at once, the 

iterative ALT plan allows to update the model parameters step by step, thereby eliminating 

possible uncertainties in the estimated parameters. Tang et al. [35] proposed this type of 

testing scheme with one factor and showed that conducting the experiments in iterative 

stages will increase the prediction accuracy and robustness of the model. More recently, 

Zhao et al. [36] used Bayesian averaging model by performing experiments at all the stress 

levels for the first stage and planning the second stage using the posterior from the first 
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stage. All these iterative test plans were shown to have a better performance than one-shot 

plans.  

The experimental designs for ALTs with two or more experimental factors have 

been discussed in Monroe et al. [37]–[39], Yang and Pan [40], [41], Pan et al. [41], [42], 

Nasir and Pan [43], [44] and Escobar et al. [45]. But there has been no iterative ALT 

framework for PV modules with multiple levels in first stage to deal with the above-

mentioned drawbacks in traditional ALTs. Hence, in this research, an iterative ALT 

framework for PV modules is proposed, involving multiple tests to determine the activation 

energy for encapsulant discoloration.   

1.3 Dissertation Organization  

In this research, a systematic approach to the reliability prediction of solar PV 

modules is presented. Though most of the case studies are based on the crystalline silicon 

module technology, the proposed approaches can be easily adapted to several other PV 

module technologies like cadmium telluride, copper indium diselenide etc. Note that the c-

Si technology accounts for more than 92% of PV-market [46]. The entire report is based 

on the references [47], [48], [49] and is organized as follows.  

Chapter 2 focuses on deriving the preliminary model and estimates from the limited 

field data that can be used to study climate specific failure modes. The preliminary 

acceleration factor estimated using the model estimates for various climate zones is 

presented. This chapter also discusses about the calibration factor to account for the 

unknown environmental effects and adjust the model parameters for reliability prediction. 

The acceleration factor prediction for the Inter-Metallic-System (IMS) degradation by 
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observing the series resistance degradation rather than power degradation is provided to 

demonstrate the proposed approach.     

Chapter 3 deals with quantification of degradation path of the solar PV modules 

using the cumulative damage modeling methodology to study the effects of various 

environmental variables on the power production. This approach aids in incorporating the 

high frequency climate data to model the sparse degradation response data. The PV system 

performance data from the NREL’s test site at Colorado is used as case study.   

Once the prior estimates and failure information are obtained, it is necessary to 

design the ALT and conduct experiments. Chapter 4 explains about the drawbacks of the 

traditional life testing methods and provides an optimal planning and inference framework 

using iterative accelerated life testing methodology. The proposed methodology is tested 

with PV module ALT data for encapsulant discoloration failure mode.  
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CHAPTER 2 

GLOBAL ACCELERATION FACTOR PREDICTION FOR   

PHOTOVOLTAIC MODULES   

2.1 Introduction  

Accelerated life testing is an efficient approach used in photovoltaic industry to 

investigate the effects of various failure modes and decide the reliability or warranty level 

in a short period of time. However, a strong limitation of the accelerated test chambers is 

that it is hard to replicate the complete field environment with all the covariates due to its 

practical operating capacity. In addition, due to the lack of complete performance 

information, it is difficult to come up with initial prior model and estimates to design the 

accelerated test plan. To overcome the above-mentioned limitation with sparse datasets and 

to determine the parameters like activation energy to plan the ALT, a methodology is 

proposed using only the final field degradation rate data collected from different sites to 

come up with the initial degradation model and preliminary acceleration factor.   

Since the PV modules are installed at various locations across the world, the 

degradation will not be the same due to difference in weather conditions. Utilizing the 

available meteorological and degradation rate information, a degradation rate model is 

developed for testing the modules to meet the reliability requirement of 25 years. Though 

this approach is helpful to decide on the initial model, the model estimates can still be 

improved for better prediction. This is because the model fitting is based on the field data 

and the field environment includes the combination of many factors like static temperature, 

humidity, cyclic temperature, UV radiation, rainfall, etc., playing a role in affecting the 
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module performance. But the ALT chamber does not capture the complete stochasticity of 

the field environment and will not be able to account for all the factors. In addition, if there 

are more than one failure mode (caused due to different stresses) affecting the same 

performance factor under measurement, then the model needs to be calibrated to account 

for the unknown factors and help the user to study the specific failure mode.   

Pan [19] proposed the idea of calibration factor for integrating the field 

uncertainties with accelerated life testing model and this method proved to statistically 

calibrate the model parameters and achieve a better prediction results. The model building 

is done using the ALT test data and calibrated for field conditions. But in this research, a 

similar approach of calibration factor is adapted to develop a framework for building the 

preliminary ALT model for PV modules using the limited field degradation data (only 

nameplate rating and final measurement) to study the module specific failure modes. Then 

the model is calibrated using the available qualification testing data (where testing is done 

at only one factor level for each factor), thereby predicting the acceleration factor for 

various locations.   

Hence, this chapter presents a two-stage approach in determining the acceleration 

factor considering the sparsity in degradation data and incorporating a calibration factor to 

adjust for the uncertainties relating the field and test environment. The proposed two-stage 

approach is demonstrated with damp heat testing of crystalline Silicon photovoltaic 

modules to study the Inter Metallic System (IMS) degradation and the acceleration factor 

plot for different regions across United States is presented. The chapter is divided into 

several sections. Section 2.2 provides a brief background of the major failure modes and 
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the need for a good ALT model for photovoltaic modules. Section 2.3 explains the 

methodology for parameter estimation, calibration factor determination and description of 

the dataset used for this study. The results of the proposed approach and acceleration factor 

map for various locations is provided in section 2.4, followed by some concluding remarks 

in section 2.5.  

2.2 Background  

Different climate specific degradation modes such as potential induced 

degradation, encapsulant browning, solder bond degradation, corrosion etc., impact the 

power output of the PV module and a thorough understanding of these defects is needed to 

provide a reasonable warranty level to the customers. Though the IEC 61215 standard [10] 

specifies a variety of test methods for the qualification testing of the PV modules and study 

the failure modes, most of the qualification test protocols lack details on test planning and 

data inference procedures. In addition, several studies about the degradation rates shows 

that there has not been a good evidence that the modules will perform for such a high 

warranty period of 25-30 years [4], [7], [13], [14].   

During the qualification testing of PV modules, the experiments are carried out by 

exposing the modules to specified stress levels and measuring the power degradation for 

all kinds of tests. But this method of measuring the power degradation for all types of 

testing may not be appropriate. Figure 2.1 [47] provides a detailed flowchart of output 

power (Pmax) degradation pathway through which the most common failure mechanisms 

occur mainly due to the dynamic weather conditions. It can be noticed that most of these 

failure modes directly affects the specific parameters like short circuit current (Isc), open 
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circuit voltage (Voc) and fill factor (FF), thereby reducing the overall output power 

production as given in equation (2.1).   

 Pmax = Isc ∗ Voc ∗ FF          (2.1)  

 

Figure 2.1: Pmax Degradation Flowchart, Indicating Different Components and 

Corresponding Degradation Parameters [47]. 

Before proceeding to the methodology section, the following sub-sections give a 

brief description of the various degradation pathways that affect the output power of PV 

system.  

2.2.1 Open Circuit Voltage (Voc) Degradation  

The bandgap of the material of the solar cell plays a major role in determining the 

voltage of the PV module. Typically, higher the band gap higher the open circuit voltage. 

It could be affected due to incorrect firing techniques during manufacturing. Since the 
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weather conditions do not expect to have any effect on bandgap of the semiconductor 

material or the introduce any new defects in the band gap, the voltage degradation is 

considered to be negligible over the entire lifetime of the module unless there is a PID 

(potential induced degradation) issue due to system operating voltage with PID susceptible 

cells in the modules.  

2.2.2 Short Circuit Current (Isc) Degradation  

Exposure to high dosage of ultraviolet (UV) light at higher operating temperatures 

triggers the degradation reaction of the encapsulant (a transparent layer on the top of the 

module through which sun light passes through) resulting in the formation of chromophore 

and subsequent browning of encapsulant. This reduces the number of photons reaching the 

cells and thereby reducing the current generation of the module. In addition to this, the 

other factor that lowers the current generation is encapsulant delamination due to optical 

decoupling at the glass/cell interface [9]. Typically, Arrhenius model is used for the UV 

degradation analysis.  

2.2.3 Fill Factor Degradation 

High temperatures and cyclic temperatures (daily, seasonal and cloud cycles) in the 

field damages the module’s bus bars, cell interconnects, gridlines, solder bonds as well as 

other metallic connections. This degradation of intermetallic system (IMS) affects the 

series resistance of the module that directly contributes to fill factor decrease over time. 

The shunt resistance of the module is fixed at the time of manufacturing (unless there is a 

PID issue in the field) and is not expected to be affected by varying weather conditions. 

Only the series resistance increases drastically and is dominant contributor of the fill factor 
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degradation. The primary cause for the series resistance increase is the thermomechanical 

fatigue (TMF) and degradation of solder bonds between the copper interconnect ribbon 

and silver metallization of the cell. Since the solder bonds (typically made of Sn60Pb40) 

become brittle due to the growth of IMC formed between solder and copper ribbon and 

between solder and silver, they tend break/degrade during thermal cycling in the field over 

time. The modified Coffin-Manson lifetime model (Norris-Landzberg model) is usually 

used to model the degradation behavior of the solder bond in the cell interconnects [50].  

Observing the information in the given flowchart (Figure 2.1), it is evident that the 

failure modes like encapsulant degradation, PID, IMS degradation affects the specific 

parameters like short circuit current, open circuit voltage individually, which in turn reduce 

the overall power production. Hence, it is necessary to conduct life testing directly based 

on specific parameters (Isc, Voc or FF) rather than the output power (Pmax) for all the 

tests. Unlike other researchers who utilize Pmax degradation for the life prediction, we 

utilize the performance parameters (Isc and series resistance) which are directly affected 

by specific failure/degradation modes.   

In brief, the problem that this chapter addresses is that, to study the failure modes 

reported in the above cases, the qualification testing is done at only one factor level 

considering the maximum power (Pmax) degradation as a qualifying factor (response 

variable) as per IEC standard. But this approach will not yield the desired results. On the 

other hand, to run the tests for degradation specific parameters, it is necessary to have some 

prior knowledge about the models suitable for designing the tests and decide on the number 

of hours to run the tests but there is a lack of prior information due to limited data 
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availability. In addition, most of the accelerated/qualification tests are done in a controlled 

lab environment and cannot be fully able to replicate the actual field conditions. If the 

experiments are conducted with only one or two environmental factors, it is hard to 

conclude that those particular environmental factors are completely responsible for the 

overall failure mode because the field environment is a mix of many factors. In other case, 

more than one failure mode in field can affect the same performance variable under 

measurement. The degradation model built using such experimental data will either 

underfit or might overfit the actual field degradation. Hence, it is important to calibrate the 

models so that they are statistically significant and meaningful. To overcome the above-

mentioned limitations, a two-stage modeling framework is developed to predict the 

degradation rate and determine the preliminary acceleration factor more accurately based 

on the weather information.   

The methodology is demonstrated using the case study of Inter Metallic System 

(IMS) degradation of PV modules using field degradation data from Arizona and New 

York and calibrated using damp heat qualification testing data. The qualification testing 

standard IEC 61215 [10] specifies the damp heat (DH1000) test sequence for crystalline-

silicon PV modules to be exposed to 1000 hours of 85°C Temperature (T) and 85% 

Relative Humidity (RH) to study IMS degradation by observing Pmax degradation. As 

shown in Figure 2.1, the fill factor/series resistance is directly affected by IMS degradation. 

In addition, without varying the factor levels, it is hard to quantify the effects of the 

parameters under study. More closely, Kimball et al. [51] studied the corrosion mechanism 

and modelled the experimental time to failure (Pmax degradation) by using the data 
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collected for DH1000 done at temperatures ranging from 75°C to 95°C and RH varying 

from 75% to 95% but the data would have been useful to this study if the module specific 

parameters like series resistance, Isc, Voc are measured instead of Pmax degradation. 

Hence, in this chapter, the IMS degradation is quantified by modeling the series resistance 

increase over time rather than power degradation using limited field degradation data from 

different fields and calibrate the model to account for the field uncertainties using the 

qualification testing data. The methodology section is as follows.  

2.3. Methodology  

The methodology section is divided into two parts. In the first part, an initial model 

is built based on the available information from the field logbook (like initial performance 

from nameplate rating, various intermediate intervals of performance measurements based 

on maintenance history (if any), final measured value) and the parameter estimates like 

activation energy is obtained. The dataset is obtained from field aged c-Si modules installed 

at Arizona and New York. In this case, the performance measurements are taken after a 

very long interval of around 18 years in New York and 21 years in Arizona. The 

degradation rate is calculated using the difference between the nameplate rating (used as 

initial reading) and final measurement and assuming a linear degradation path every year. 

The second part explains the statistical calibration of the model developed in the first part 

and followed by the determination of acceleration factor. The methodology works well 

when the primary cause of failure is due to harsh environmental conditions. The main 

advantage of the proposed framework is that it can be used to predict the acceleration factor 
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for many accelerated life testing methods involving weather parameters and applicable for 

various module constructions.   

2.3.1 Parameter Estimation Using Field Degradation Data  

The first method of the modeling framework is based on the assumption that the 

field degradation rate (either from initial nameplate rating or actual initial data) from at 

least two different fields are available, since two levels of a factor is needed to determine 

its effect (ex: activation energy). As the PV modules are installed in different fields like 

Arizona, New York, Chennai, Abu Dhabi etc., the degradation rate in these fields are not 

expected to be the same due to varying climatic conditions. Using these varying 

degradation rates due to difference in weather conditions, a rate dependency model 

(physics based degradation model [52]) is fitted by treating degradation rate as dependent 

variable and climate factors as independent variables. The parameter estimation can be 

done using Ordinary Least Squares (OLS) or Maximum Likelihood Estimation (MLE) 

method. The first step in the methodology is simple but its usefulness depends on fitting 

and validating a reasonable model to estimate the unknown parameters with the limited 

data.   

2.3.2. Model Calibration Using Calibration Factor  

Once the model is developed and validated from the field degradation rate data as 

described in previous subsection, the model still needs to be statistically calibrated so that 

the estimates are reasonable for ALT. This is because, the failure mode (degradation) 

studied during experimentation will be happening due to only one or two important factors 

but the field environment is stochastic and may have many other factors affecting the same 
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performance parameter. Sometimes more than one failure mode might occur due to 

different environmental factors and could affect the same performance parameter under 

investigation, but those failure modes may not be in the region of interest. Also, in case of 

PV systems, some failure modes occurring in one field might not occur in other climatic 

conditions. To eliminate these uncertainties from the model, a calibration factor is 

introduced to calibrate the developed model [19], [20], based on the available qualification 

testing data.   

In general, let equation (2.2) denotes the degradation model that is fitted using the 

field degradation rate described in the previous subsection. 

Yfield = β0  +  β1 x1 +  β2 x2 + ⋯ +  βn xn + εf   (2.2) 

In equation (2.2), Yfield  is the field degradation rate, x1 ,…. , xn  denote the 

environmental factors, β1, …., βn denote the corresponding effects of the environmental 

factors (ex: activation energy for temperature effect) that needs to be estimated, and εf is 

the model error in the field degradation model. Now, the degradation model for the same 

failure mode under the experimental testing (assumed that the product is tested with only 

one factor) is given in equation (2.3). 

Ytest = β0  +  β1 x1 + εt     (2.3) 

Ytest  is the degradation rate in lab testing, x1 is the factor with β1 being its 

corresponding effect and εt is the life testing model error. It is important to account for the 

other factors that might cause the failure but could not be included in the life testing because 

of the chamber limitations. In other cases, there could be more than one failure mode 

affecting the same performance parameter in the field that needed to be eliminated to study 
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the specific failure mode. To account for these situations, let the effect of other stresses is 

represented using a calibration factor (k) as given in equation (2.4). 

k = β2 x2 + β3 x3 + ⋯ +  βn xn    (2.4) 

Theoretically, if the factor levels (x1, … , xn) are kept same in both the field and 

accelerated life testing model, then the degradation rate estimated using the parameter 

estimates from the field data (Yβ,field ) should be equal to the sum of calibration factor and 

degradation rate estimated using the parameter estimates from the test data (Yβ,field) for the 

corresponding factor levels (x1, … , xn) as given in equation (2.5). 

Yβ,field(x1, … , xn) = k(x2, … , xn) + Yβ,test(x1)  (2.5) 

Since most of the PV module degradation rate models (physics-based models) are 

represented with exponential terms (log-linear models), the above formulation can be 

modified as follows. 

Yfield = exp {β0  +  β1 x1 + β2 x2 + ⋯ +  βn xn} + εf  (2.6) 

The degradation rate model for the failure mode under the experimental testing is 

given in equation (2.7). 

Ytest = exp {β0  +  β1 x1} + εt     (2.7) 

The effect of other stresses can be represented using a calibration factor (k) given 

by equation (2.8). 

k = exp {β2 x2 + β3 x3 + ⋯ + βn xn}   (2.8) 

The overall field and test relationship is given in equation (2.9). 

Yβ,field(x1, … , xn) =  k (x2, … , xn). Yβ,test(x1)    (2.9) 
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The use of calibration factor (k) can be understood by observing equation (2.9) and 

note that the acceleration factor is different from the calibration factor. In the case of IMS 

degradation of PV modules, the failure mode is believed to be caused by static as well as 

cyclic temperature in the field in addition to relative humidity. This failure mode is tested 

by two types of accelerated testing: the damp heat and thermal cycling tests by observing 

the series resistance increase over time. The most common physics-based models used are 

Peck’s model for damp heat testing and Coffin Manson model for the thermal cycling 

testing and the series resistance increase in both these tests should sum up to the actual 

series resistance degradation in field. But as per the problem definition and proposed 

methodology, the model and its parameter estimates obtained using the field degradation 

data from the first part cannot be directly used to experimentally study the overall failure 

mode. The model parameters need to be calibrated by a factor, which is taken care in the 

second part using the calibration factor. The next subsection defines the determination of 

acceleration factor. 

2.3.3 Acceleration Factor Determination  

The final step is the determination of acceleration factor using the calibrated model 

which can be utilized to predict the degradation rate or failure time in other fields using the 

available weather data. The AF can be also used to find the number of hours to run the tests 

at the desired accelerated test conditions. The term AF is usually defined as the ratio of 

time-to-failure (TTF) in the field to the time-to-failure in the accelerated life testing and is 

given in equation (2.10). 

AF =
 TTF in field 

TTF in testing
     (2.10) 
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In this research, the acceleration factor is defined as the ratio of stress/degradation 

rate in accelerated test to the stress/degradation rate in the field, where the degradation rate 

is defined to be the inverse of TTF. For instance, consider a field time to failure (TTFfield) 

model with one factor x1 in equation (2.11). 

TTFfield = β0  +  β1 x1     (2.11) 

The stress or degradation rate is the inverse of TTF and is given in equation (2.12). 

Degradation Rate (Rfield) =
1

β0 + β1 x1  
   (2.12) 

The acceleration factor in terms of degradation rate and the calibration factor is 

given in equations (2.13) and (2.14), where X denotes the vector of environmental 

variables. 

AF =
 k.  Degradation rate in testing  

Degradation rate in field
   (2.13) 

AF =
 k.  Degradation Rate (Xtest) 

Degradation Rate (Xfield)
   (2.14) 

The degradation rate in the numerator is due to the stresses in the accelerated test 

chamber (Xtest) and the denominator is the degradation rate due to field stresses (Xfield). 

In most cases, the product is tested by exposing to higher level of stresses than those 

occurring in the field leading to higher degradation rates, and hence the AF value will be 

greater than 1. Before proceeding to demonstrate the methodology, the dataset used for the 

case study is described in the next sub-section. In short, the methodology starts with 

building a degradation rate model by taking advantage of differences in the degradation 

rate due to different climate conditions in those fields, which is then calibrated and the 

acceleration factor is determined in other locations using the respective field weather data.  
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2.3.4 Data Description  

Before proceeding on to the case study, the dataset used for IMS degradation is 

described in this subsection. The qualification testing data and the field data of PV modules 

used in this chapter are available at the PRL database [21] and the ultimate purpose is to 

investigate the IMS degradation through observing the change in series resistance over 

time. The PV modules considered in this case study are constructed from glass/polymer 

backsheet laminates consisting of c-Si cells. The cells are fabricated from p-type wafers 

and sandwiched between Ethyl Vinyl Acetate (EVA) encapsulant layer. The modules are 

installed in two different locations (Arizona and New York) but the continuous 

performance measurements are not available. The modules were installed about 18 to 21 

years back and the annual series resistance degradation rate is calculated using the 

difference between nameplate rating and final measurements after 18/21 years with the 

assumption of linear degradation. A box plot, for series resistance increase for the 

crystalline silicon PV modules deployed at various sites in Arizona and New York, is 

presented in Figure 2.2 and the corresponding performance details are given in Table 2.1.   
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Figure 2.2: Series Resistance Increase (% Per Year) of C-Si Modules Deployed at 

Various Sites in Arizona and New York.  

 

Table 2.1: The Details of c-Si Modules Deployed at Various Sites in Arizona and 

New York.  

 Location 

Description Tempe, AZ Tempe, AZ Valhalla, NY Yonkers, NY 

Median Rs increase 

(% per year) 

 

1.90 % 

 

1.77 % 

 

0.43 % 

 

0.44 % 

Number of Modules 253 295 110 140 

Age 21 years 21 years 18 years 18 years 
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The damp heat qualification testing (DH1000) data from various module 

manufacturers (94 modules) of c-Si modules is available at PRL, ASU [21]. The box plot 

of percentage series resistance increase per year of damp heat testing of PV modules is 

given in Figure 2.3. Note that the testing is done for 1000 hours and has been linearly 

extrapolated to find the yearly degradation. For instance, the median series resistance 

increase is around 2.84% for 1000 hours of damp heat testing at 85 ̊C and 85% RH, which 

is extrapolated to 24.89% for one year of testing (ie., 8760 hours).  

 

Figure 2.3: Series Resistance Increase (% Per Year) Using Damp Heat Testing of 

PV Modules at 85 ̊C and 85%RH for 1000 Hours.  

 In terms of weather data, the hourly Typical Meteorological Year (TMY) data is 

retrieved from National Solar Radiation Database (NSRDB) repository [53]. In order to 

improve the accuracy of the model estimates and improve the prediction, the module 
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backsheet temperature and the module internal humidity is considered rather than using the 

outside ambient temperature and relative humidity. Since most of the module performance 

data were not collected, the data of required independent factors (like module backsheet 

temperature) are not readily available. In such cases, there are several empirical models 

that can be used to calculate the required parameters of interest. Subramaniyan et al [47] 

used the Nominal Operating Cell Temperature (NOCT) module temperature model but the 

Sandia module temperature model [54] given in equation (2.15) is efficient as it considers 

the effect of ambient temperature, irradiance and wind speed and reference [11] confirms 

the higher performance accuracy of this model than other models. Hence, the Sandia 

module temperature model is used to calculate the module temperature.   

                         Tmod = Tamb + E (expa+b(WS))    (2.15) 

In equation (2.15), Tmod and Tamb is the module temperature and ambient 

temperature in Kelvin respectively while E is the plane of array irradiance (W/m2). ‘WS’ 

denotes the wind speed in (m/s) and the values of empirical constants ‘a’ and ‘b’ are -3.56 

and -0.075 respectively [54]. Also, the series resistance (Rs) values are not measured 

directly and the model explained in [55] is used to calculate the series resistance using the 

known I-V (Current-Voltage) parameters.   

Rs = Cs ∗
Voc− Vmp

Imp
      (2.16) 

In equation (2.16), Voc is the open circuit voltage, Vmp and Imp are the voltage and 

current at maximum power point respectively and the empirical estimate of Cs for poly-

crystalline silicon modules is taken to be 0.34 [55]. In addition, the module relative 

humidity is calculated based on the model from Kempe [56]. There are many parameters 
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involved in the model to get the actual internal module humidity. Some literatures [51] 

reported using rolling average of ambient humidity in case if the module internal humidity 

is not available.   

Note that the qualification test data for DH1000 accounts for only two factors (static 

temperature, relative humidity) but there is another important factor contributing to IMS 

degradation ie., the cyclic temperature. This is studied through thermal cyclic tests by 

exposing the modules to 200 cycles of temperature (varying from -40  ̊C to +85  ̊C). There 

will be some degradation occurring in damp heat testing and degradation occurring in TC 

testing, everything contributing to overall series resistance degradation. But the series 

resistance degradation in field is due to a combination of several environmental factors and 

failure modes which needs to be correlated perfectly in order to design and conduct the 

specific tests like DH1000 or TC200.  

2.4. Results and Discussion  

The R software is used to model the field degradation data and estimate the 

parameters, confidence intervals, etc. The Temperature - Humidity model (Peck’s model 

[57]) will suit the best for life stress relationship. But there are only two fields available 

and hence atmost only one factor could be estimated. A simple linear model (with 

temperature effect) provides a reasonable fit to the degradation data. The dependent 

variable (degradation rate) was transformed by taking the natural log of percentage 

degradation rate per year and the model is fitted using the inverse transformation of module 

temperature (1/Tmod). The prediction model is given in Equation (2.17).  

µ = β0  +  β1 x1      (2.17) 
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Where, 

µ = ln(% Rs increase per year)    (2.18) 

 x1 = 1/Tmod       (2.19) 

Table 2.2: Model Estimates for Activation Energy Determination for IMS Degradation 

Coefficients Estimate Standard Error t- value P(>| t |) Lower CI Upper CI 

Intercept 24.10 0.6274 38.43 0.000677 21.40 26.80 

1/T -7332.59 189.85 -38.62 0.000670 -8149.45 -6515.73 

 

R2 99.87%  Adjusted R2 99.80% 

 

The effect of temperature is around -7332.59 eV and does not makes any sense. In 

order to estimate the actual activation energy, the linear model in equation (2.17) needs to 

be observed closely. Consider the stress life relationship (Arrhenius) rate equation given in 

equations (2.20) and (2.21). 

          Rate = Ae
−Ea

kT          (2.20) 

Taking natural log transformation of Equation (19), the model is, 

ln(Rate) = ln(A) −
Ea

k
(

1

T
)    (2.21) 

Where ‘Ea’ is the activation energy in eV, ‘k’ is Boltzmann constant (k= 8.617 x 

10-5 eV/K), and ‘A’ is a constant. As shown in Table 2.2, the parameter β1 is the estimate 

of activation energy combined with Boltzmann constant. So, factoring out the Boltzmann 

constant from the estimate  β1 will give the value of activation energy and is calculated to 

be 0.63 eV. The exponential of intercept (β0) gives the value of frequency factor ‘A’. The 

confidence interval of activation energy estimate is 0.63 ± 0.07 eV. The model estimates 
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looks reasonable and the model is validated using the test data from Arizona since there 

was no data available at other locations. Initially, the available dataset was splitted for 

model building (2 sites in AZ and 2 sites in NY) and validation (1 site in AZ). Since, only 

limited information with 2 climate zones are available, the splitting is done by allocating 2 

training sites within each climate zones to get a reasonable estimate. The model validation 

result using test site at AZ is shown in Table 2.3 

Table 2.3: Comparison of Predicted Rs Degradation Rate using Estimated Ea of 0.63 ± 

0.07eV with Actual Field Measured Rs Degradation Rate Per Year 

Site Predicted Rs Degradation (% per year)  

Ea = 0.63 ± 0.07eV 

Actual Rs degradation  

(% per year) 

AZ 1.73 ± 0.4 1.66 ± 0.06 

 

Note that the model fits the data well with the inclusion of only one factor 

(temperature). Since there were only two levels available, the linear model proved to be 

good but the effect of activation energy might be misleading with this model fit. This is 

because the actual series resistance degradation could occur due to other factors as well. 

The Peck’s model which includes relative humidity and Coffin Manson model which 

includes the effects of cyclic temperature may become important in certain locations, 

provided the performance data for more locations are available.  

Now, with these results, is it possible to plan for damp heat testing to study IMS 

degradation? As said earlier, the actual IMS degradation (Rs degradation) in the field 

happens due to static temperature, cyclic temperature, humidity being the major factors in 
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addition to many other hidden effects. That’s the reason PV modules are subjected to damp 

heat testing and thermal cycling test to study the complete effect of IMS degradation. But 

the initial fitted model accounts only for the effect of temperature because of the limited 

sample size and also shows a good fit to the data. Anyhow, this model can neither be used 

to plan for the damp heat testing nor the thermal cycling testing. To prove this, the 

developed model is used to predict the degradation in damp heat qualification testing by 

plugging the values of standard chamber temperature of 85 ̊ C for damp heat testing. Since 

the relative humidity is not included in the developed model, its effect is not considered. 

The model predicts the series resistance (Rs) degradation rate for the chamber environment 

to be 37.55% per year but the actual degradation in the damp heat qualification testing 

including humidity is 24.89% per year. This is because, the model is built based on the 

field degradation data but the damp heat testing does not consider cyclic temperature and 

so the degradation in damp heat testing is lower than the predicted field degradation. The 

degradation in thermal cycling test should be added with the degradation in damp heat 

testing to match with the field degradation. 

In addition, the model was fitted with only one factor due to the limitation in sample 

size and works well for only certain regions where the degradation is dominated by only 

temperature. But, many regions will be dominated by high humidity (like Florida) and high 

temperature fluctuations, and in such cases the model might not work well. Hence the value 

of activation energy is clearly overestimated but there is no information about how much 

it is over estimated. To adjust for these uncertainties, the model needs to be calibrated to 
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get the actual value of activation energy. Hence, the calibration factor is derived and is 

given in equations (2.22) to (2.25). 

Yactual = k . Ypredicted     (2.22) 

24.89 = k (37.55)     (2.23) 

k =  
24.89

37.55
       (2.24) 

k =  0.66       (2.25) 

The value of calibration factor (k) is around 0.66 and the model estimates are 

adjusted accordingly as shown in equation (2.26) and the calibrated model is given in 

equation (2.27). 

Y = 0.66  {24.108 − [7332.6 ∗
1

T
 ]}     (2.26) 

Ycalibrated = 15.90 − [4839 ∗
1

T
 ]       (2.27) 

Note that the value of activation energy is re-adjusted to 0.41 ± 0.07 eV, which is 

consistent with similar damp heat test results from the literature [9]. This means that lower 

amount of energy is required to initiate a degradation reaction because of the presence of 

other unknown factors like humidity, cyclic temperature, etc. The model estimates are 

adjusted by a factor of 0.66 and this redefined model can then be used to find the 

acceleration factor. Based on the definition of acceleration factor from equation (2.15), the 

AF for Arrhenius model is given in equation (2.28).  

AF = exp (
−Ea

k
(

1

Tacc
−  

1

Tfield
))     (2.28) 

Where Tacc is the accelerated testing chamber temperature and Tfield is the field 

temperature where the modules are about to be installed. For DH1000 qualification testing, 
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the value of Tacc is 85  ̊C. The value of ‘Ea’ is available from the calibrated model and ‘k’ 

is the Boltzmann constant. Substituting all the estimated and collected values into equation 

(2.28), the acceleration factor is determined for the crystalline Silicon module for the 

specific climatic condition. Figure 2.4 shows the acceleration factor plot for series 

resistance increase in DH1000 for different regions across United States using the local 

weather station data.   

The map shows that highest acceleration factor occurs for colder regions and lower 

acceleration factors for regions dominated by higher temperature levels. This is because 

the module temperature reaches almost two-thirds of the chamber temperature especially 

during summer season leading to increased degradation. But, for the colder climate zones, 

the temperature related failure mechanisms does not occur too much (or takes longer time 

to accumulate the damage) but the PV system can be affected by failures due to other 

climatic effects in those regions. The lower degradation rate will lead to higher acceleration 

factor from testing for those cold climatic regions.  

Note that in the case study, the field degradation model had a limitation of not 

including the effect of other factors like module humidity, cyclic temperature among others 

due to the limited sample size. But, if additional samples are collected from many other 

sites, then a good robust model can be built but the methodology remains the same. Most 

likely, the Peck’s model will suit the purpose for damp heat testing and the modified Coffin 

Manson model (Norris Landzberg model) will suit for thermal cycling testing. The 

degradation in both tests will add up to the overall series resistance degradation causing 

the IMS failure. The AF map is just for illustrating the methodology and shows how the 
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acceleration factor varies across various locations for the same crystalline Silicon module 

family. Improved results can be obtained when the data for modules installed at various 

climate zones are available.   

 

Figure 2.4: Acceleration Factor for Series Resistance Increase in Damp Heat Testing 

(1000 hours) for Crystalline Silicon Modules at Various Locations in the United States. 

 2.5. Conclusion 

This chapter addressed the issues with accelerated life testing of PV modules to 

study the climate specific failure modes of the PV modules using the available qualification 

testing and the actual field degradation data with a two-stage modeling framework. The 

proposed methodology is simple and helpful for studying the module specific failure modes 

considering the degradation specific parameters with only limited availability of 

information. The methodology is demonstrated using the case study of IMS degradation 
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by observing the series resistance increase instead of usual power degradation 

measurements.   

As noted earlier, the results of the case study could be improved when additional 

samples are obtained from other climatic regions. In addition, the accuracy of the results 

depends on various empirical models used to calculate the missing parameters like module 

temperature, series resistance; measurement system uncertainty, and the accuracy of 

weather data. In addition, the activation energy estimates are based on considering only the 

static temperature effect while the IMS degradation can happen due to the cyclic 

temperature as well and further study is needed. But, the proposed approach can be adapted 

to several other ALT experiments where the failure modes are dominated by climate 

conditions and extract information from the partially available field data. Overall, this 

chapter provides a simple but efficient approach to estimate the acceleration factor and 

activation energy which are essential to study the PV degradation at various locations.   
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CHAPTER 3  

QUANTIFICATION OF ENVIRONMENTAL EFFECTS ON PV MODULE   

POWER DEGRADATION  

In the previous chapter, the AF determination and degradation rate prediction with 

limited field degradation data of c-Si modules installed at Arizona and New York were 

discussed. Due to limited data, the effect of only one factor (module temperature) was able 

to be quantified. This limitation was due to unawareness of importance of data collection 

systems for PV systems in early 1970’s and 80’s. But for the past two decades, the 

development of sophisticated sensors and data acquisition systems led to collection of high 

frequency performance data of systems in several fields. But in the case of PV modules, 

the performance characteristics of the modules are often measured only at quarterly or 

annually intervals, which still makes it difficult to model the complete degradation path of 

the module. On the other hand, the information on the dynamic covariates (environmental 

stresses) are recorded more frequently with the development of sophisticated sensors and 

data acquisition systems. One could even notice several simple weather stations installed 

at various locations at the site where PV modules are installed. Since the module 

degradation happens due to environmental stresses, the information from weather stations 

can be integrated through physics-based models to study the effects of multiple 

environmental variables in the degradation process but it is not an easy task due to 

inconsistent data structure with high frequency input variables with sparse response 

variable.  
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This chapter explains the fusion of the physics-based material degradation 

mechanism with the statistics-based data modeling approach for predicting the power 

degradation of photovoltaic modules. It has been already stated that the degradation of PV 

module is mainly associated with the climatic condition at its use location. The aim of this 

chapter is to quantify the effects of those multiple environmental stresses on the power 

degradation of the module over its lifetime using a cumulative damage modeling approach 

which integrates the climate information through physics-based models to study the effects 

of environmental variables in the degradation processes. There are various physics-based 

models, such as Arrhenius model, for understanding the physical or chemical reaction-

related root causes of PV degradation. But, to estimate the underlying material properties, 

such as activation energy (Ea), the statistical modeling plays a key role. Hence, in this 

chapter, a cumulative exposure model is used to link the module degradation path and the 

environmental variables, including module temperature (both static and cyclic), ultra-violet 

radiation, and relative humidity, which are recorded as multivariate time series data.  

3.1 Introduction  

The power degradation in PV modules can be due to numerous degradation modes 

that are built up within the module over time. There has been several studies about the PV 

degradation modes, field degradation rates, types of defects, accelerated test procedures, 

standards, the risk levels related to different defects that occurred in field aged PV modules 

[3], [6]–[9]. It can be understood that the dynamic environmental stresses occurring due to 

varying climatic conditions in the field, especially due to static and cyclic temperature, 

ultra-violet (UV) radiation, and relative humidity (RH) are the primary causes of various 
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degradation modes. These degradation modes affect the individual performance parameters 

such as short circuit current (Isc), open circuit voltage (Voc) and fill factor (FF), which 

combinedly contribute to the overall output power (Pmax). Hence, the power degradation 

in PV modules can be traced to the cumulative effect of all these numerous degradation 

modes due to the module exposure to harsh environmental conditions.  

Though the use environment has significant impacts on the long-term performance 

of PV systems, there has been not much work done on quantifying the effect of 

environmental factors on PV module degradation because of the sparsity of PV field 

performance data in the past. However, the long-term market penetration of crystalline 

silicon modules and technological advancements in data collection systems have recently 

made more and more performance data of PV modules available to the research 

community. Koyler et al. [5] incorporated the environmental effects in the degradation 

modeling of PV modules for the accelerated test data using a discrete environmental cell 

approach as discussed in the literature review section. Combining the degradation 

information collected over a period of time, along with the environmental cell approach 

and rate equations, the effects of various environmental conditions like temperature 

(activation energy), UV, etc., can be estimated.   

A pitfall in using the discretized environmental binning model or environmental 

cell approach, is that this method provides only an approximation for overall degradation. 

Improved results can be obtained using continuous time degradation model since the 

dynamic environmental factors (or dynamic covariates) are measured continuously over 

time with advanced sensors and data collection systems. However, in most cases, the 



 

44  

  

module performance measurements are taken only in discrete intervals like quarterly or 

annually, making it difficult to build a continuous time degradation model.   

The literature review in section 1.2 detailed the degradation rates of various module 

technologies installed across diverse climatic conditions [7], [22], the incorporation of 

timevarying covariates into degradation models via Bayesian linear degradation path 

models [23], stochastic degradation models [24], the general statistical models and data 

analysis methods for accelerated test data [25]–[27], and most importantly, the spline 

models [28], [29]. But the spline-based models and other approaches cannot be directly 

adopted for PV module degradation modeling. This is because the degradation of PV 

modules mainly occurs due to chemical reactions occurring due to environmental exposure 

and the spline-based models cannot explicitly reveal the underlying effects of factors like 

activation energy and other solar cell parameters. As these environmental factors directly 

affect the material properties, any estimates should be reasonable to the specific material 

under study. In most cases, the unavailability of these parameters poses a serious hindrance 

to the determination of acceleration factors for various acceleration tests involving 

temperature, UV, relative humidity, etc. Hence the importance of physics/ chemistry-based 

models like Arrhenius model, Peck Model, Coffin-Manson model cannot be certainly 

ignored since these models could aid in determining the functional form for the covariate 

effects in building the cumulative damage model (explained in the later section) for PV 

modules.  

An important contribution from Pan et al. [58] showed that the information about 

dynamic covariates can be incorporated to model the lifetime of PV modules with known 
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degradation path. But, the study considered the average effect of dynamic covariates with 

the only factor being ambient temperature rather than the module temperature. For PV 

modules, most of the failure modes occur due to multiple environmental stresses such as 

temperature, UV irradiance, relative humidity, etc. In real world, all these environmental 

stresses act on the PV modules simultaneously and influence the power production 

capacity. In addition, considering module specific factors like module temperature and 

plane of array (POA) irradiance will provide a better information than considering the 

ambient temperature or horizontal irradiance. Hence, this chapter presents an approach to 

PV degradation modeling that includes the effects of module-specific stresses (module 

static temperature, module cyclic temperature) and other environmental stresses (ambient 

relative humidity and plane of array UV irradiance). At first, various models to determine 

these module specific parameters are discussed in section 3.2, and then the reliability 

estimation using cumulative damage model methodology is presented in section 3.3. 

Ordinary Least Squares (OLS) method is used for parameter estimation. The M55 mono-

crystalline silicon modules installed at Colorado is considered for this study. Note that the 

results of the previous chapter are based on the modules installed at different climate zones 

and considered series resistance increase as the response variable. But it is not possible to 

study the same degradation mode due to unavailability of information like Isc, Voc, etc., 

to calculate the series resistance in this study. But both the chapters cover the same c-Si 

technology and also it is to be noted that this c-Si technology accounts for more than 92% 

of the PV-market [46]. Nevertheless, the proposed methodology can be applied for any 

type of module, provided that the degradation data and covariate information are available. 



 

46  

  

This hybrid approach of combining both physics-based models and data-driven statistical 

inferences is demonstrated to be effective for incorporating the joint effect of the dynamic 

covariates and quantifying the field degradation rate of PV modules.  

In brief, the motivation of this chapter is to build a good model for the lifetime 

prediction of outdoor PV modules. The challenge is to estimate the effects of high 

frequency input data (dynamic environmental variables) on the sparse response (power 

degradation) data. The proposed methodology has two major advantages. First, for the field 

deployed modules, integration of environmental factors into the degradation model helps 

with a thorough understanding of the degradation process. Secondly, the estimates of 

activation energy and other factors will be a useful metric for designing accelerated life 

testing profiles for new PV module technologies in future.   

3.2 Data Description  

The performance data of PV system with mono-crystalline Silicon modules 

installed at Solar Energy Research Facility (SERF) at National Renewable Energy 

Laboratory (NREL) is used for this research. The site under study consists of two identical, 

6 kW (AC) grid-connected photovoltaic systems located on the roof of SERF building in 

Golden, Colorado. The details of the system are given in Table 3.1 and the detailed system 

description is available in reference [59].   
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Table 3.1: PV System Details Obtained from NREL Test Site 

Description  NREL SERF-EAST  

(Site #50)  

NREL SERF-WEST  

(Site #51)  

Latitude  39.742 N  39.7416 N  

Longitude  105.1727 W  105.1734 W  

Elevation  1994.7 meters  1994.7 meters  

Azimuth  158 ◦  158 ◦  

Tilt  45 ◦  45 ◦  

Rating (AC/DC)  6 kW/ 7.43 kW  6 kW/ 7.43 kW  

Module Manufacturer  Siemens  Siemens  

Module Type  M55 mono-crystalline 

silicon  

M55 mono-crystalline 

silicon  

Inverter Manufacturer  Fronius  Fronius  

Inverter Type  IG 4500 - LV  IG 4500 - LV  

Number of Modules  140  140  

Latitude  39.742 N  39.7416 N  

Longitude  105.1727 W  105.1734 W  

Elevation  1994.7 meters  1994.7 meters  

Azimuth  158 ◦  158 ◦  
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The data from year 1998 to 2012 is used for this case study. The annual dc power 

degradation is calculated for Standard Test Conditions (STC), using temperature 

coefficient of 0.4334 %/◦C for power-temperature correction [59]. To calculate the power 

degradation, the average STC dc power at the first month’s data output was considered as 

the initial value, which was only 6600 W, which confirms the fact that the system might 

be overrated by around 10% [59]. Overall, there are 280 modules, but the performance 

measures of individual modules are not available, only the overall system performance is 

available. It is assumed that the performances of the modules are independent and 

identically distributed (iid) and the percentage degradation of the entire system is 

proportional to the percentage degradation of individual module. But in reality, the module 

degradation percentage will be lower than the overall system degradation percentage due 

to subcomponents, connections, and other external reasons such as invertor failure, module 

mismatch, and soiling since all these factors contribute to additional degradation of the 

system. The average degradation of two systems with measurement system uncertainty of 

1% (280 modules) is shown in Figure 3.1. Note that the average degradation is around 

1.3% per year with y-axis representing the percentage of initial power available (converted 

to a scale of 0 to 1) with respect to time along the x-axis.   
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Figure 3.1: Power Degradation from 1998 – 2012 (5100 days).  

 The 30-minute-interval weather data for the site, where the modules are installed, 

are retrieved from National Solar Radiation Database (NSRDB) [53]. The available data 

are split into two parts – one for building the degradation model and the other for testing 

the developed model. The training dataset consists of data between 1998 and 2010 and the 

test dataset for validation is from 2011 and 2012.   

As said earlier, it is essential to study using the module specific parameters rather 

like module temperature rather than ambient temperature to get more accurate estimation. 

But the data of such module specific parameters are not readily available and hence the 

empirical models are used to calculate such values. The Sandia module temperature model 

given in equation (3.1) is used for calculating the module temperature [54]. This model 

accounts for ambient temperature, POA irradiance and wind speed, all of which play a 
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major role in influencing the module temperature. Reference [11] confirms the good 

accuracy of Sandia module temperature model.  

   Tmod=Tamb+EPOA(ea+b(WS))        (3.1)   

where Tmod is the module temperature in Celsius, Tamb is the ambient temperature 

in Celsius, and EPOA is the plane of array (POA) irradiance, WS is the wind speed (in m/s), 

a and b are constants equal to -3.75 and -0.075 respectively. The UV radiation is taken to 

be 5% of the POA irradiance (EPOA), which is calculated using equation (3.2) to equation 

(3.6) given by Sandia PV performance model [60].  

EPOA=Eb+Eg+Ed     (3.2)  

where Eb is the plane of array beam component, Eg is the POA ground reflected 

component, and Eb is the POA sky-diffuse component. The POA beam component is 

calculated utilizing direct normal irradiance (DNI) and the angle of incidence (AOI) given 

in equation (3.3), where the AOI between PV array and the sun’s ray is determined using 

equation (3.4).  

   Eb=DNI× cos (AOI)        (3.3) 

 AOI= cos-1 [ cos(θZ) cos(θT)+ sin(θZ) sin(θT) cos (θA-θA,array) ] (3.4) 

where θA, θZ, θT and θA,array denotes the solar azimuth angle, solar zenith angle, 

array tilt angle and array azimuth angle, respectively. The ground reflected component Eg, 

which is defined as the part of radiation hitting a tilted surface and being reflected off the 

ground, is calculated using equation (3.5). The calculation involves three components: 

Global Horizontal Irradiance (GHI), albedo (the reflectivity of ground surface) and surface 

tilt angle (θT,surf).  
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   Eg= GHI×albedo×
1- cos (θT, surf)

2
    (3.5)  

There are several models available for calculating the sky diffusivity component of 

POA, such as Isotropic sky diffuse model, Hay and Davies sky diffuse model, Reindl sky 

diffuse model, Perez sky diffuse model, Sandia sky diffuse model, etc., [60], [61]. In this 

chapter, the Sandia sky diffuse empirical model is used since it has been found to work 

well at Sandia facility compared to other models. The diffuse irradiance (Ed) using diffuse 

horizontal irradiance (DHI), global horizontal irradiance (GHI), surface tilt angle (θT), and 

sun zenith angle (θZ) is given in equation (3.6). Note that all the angles are in degrees.  

  Ed=DHI×
(1+ cos (θT))

2
+GHI×

(0.012θZ-0.04)×(1-cos (θT))

2
   (3.6)  

In the developed model, both static and cyclic effects of the module temperature 

are included. The daily maximum module temperature is taken for the static effect and the 

cyclic effect is calculated from the difference between daily maximum and minimum 

module temperature.   

There are various degradation rate equations available for studying the effects of 

different environmental factors [52] and various studies report the use of the 

aforementioned physics-based equations in modeling the individual failure modes due to 

environmental stressors [47], [50], [51]. For instance, the log-normal model (Arrhenius) is 

most commonly used to provide the functional form for temperature effect on PV modules. 

But most of these studies are based on only the individual failure modes and they have 

been done mostly for indoor accelerated testing. The degradation pattern in accelerated 

testing may not be the same as seen in the actual field. Hence, this chapter links the proven 

physics-based rate equations through cumulative damage modeling method to predict the 
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actual field degradation path of PV modules. The next subsection provides the data notation 

and the next section explains the cumulative damage model and the functional forms for 

dynamic covariates.  

3.2.1 Data Notation  

Before proceeding to the methodology section, the notations used in the 

degradation data model are explained herein. Let 𝐗(t) = [X1(t), … , Xr(t)]′ be the vector of 

covariates, i.e., the environmental stress variables in this study, and r be the number of 

covariates. Each covariate is actually a stochastic process; i.e., 𝐗(t) = {𝐗(h): 0 ≤ h < t}, 

which denotes the dynamic information recorded from time 0 to t. So, the value of covariate 

‘v’ for module ‘i’ at time ‘u’ is denoted by xiv(u). Suppose there are ‘z’ modules, then for 

module ‘i’, the degradation measurements at time tij is denoted by yi(tij), i = 1, … , z and j 

= 1, … , zi, where zi is the number of time points when the degradation measurements were 

taken on module ‘i’. The covariate process history for module ‘i’ is represented by xi(ti,zi) 

= {xi(h):0 ≤ h < ti,zi}. As there are r covariates, then the value of xi is xi(h) = [xi1(h), …, 

xir(h)]′. In this research, the degradation is measured for the entire SERF system with a 

combined 280 modules and only overall performance of the system is available, hence the 

value of z is 1. The Pmax (output power) degradation is taken as the performance statistic. 

If all the individual module measurements were available, the value of ‘z’ will be larger 

than 1 ie., equal to the number of available modules. References [28], [29], [62], [63] 

discussed some random effect models that can be utilized then for modeling a group of 

modules in the same system.  
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3.3 Cumulative Exposure Model for PV System Degradation  

This section explains the cumulative exposure model for quantifying the power 

degradation path of PV modules. Once the modules are installed in field, they start 

producing power and, at the same time, degrade due to the exposure to sunlight and other 

environmental stresses, because continuous exposure to these environmental stress factors 

initiate defects such as encapsulant browning, solder bond degradation, etc., and the 

module power production decreases over time. The information about environmental 

factors can be used to calculate the instantaneous degradation using physics-based stress-

effect function and then accumulate these stress effects over time to study the cumulative 

damage of environmental stress on module power output. The functional form of stress-

effect function will be described in the next subsection. So, if the power degradation of the 

field-installed modules is measured quarterly or annually and the local weather information 

is recorded continuously, the effects of weather stress variables on the module degradation 

need to be accumulated using the cumulative exposure model. Ideally, the predicted 

cumulative degradation should be equal to the actual degradation that is measured on 

quarterly or annual basis. Using this cumulative damage model, it is possible to estimate 

the unknown model parameters, such as activation energy. This cumulative damage 

modeling approach was studied by Nelson [25], [26] for the accelerated failure time model 

and adopted by Hong et al. [28], [62] by modeling the effects through spline basis 

functions. Pan, Kuitche and TamizhMani [58] simplified the cumulative damage model by 

using the average statistic of stress effect over the period of degradation measurement. In 
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general, the actual degradation of the product installed in the field is given by equation 

(3.7).  

y(t)=G(t)+ε(t)                       (3.7) 

where y(t) is degradation measurement at time t, G(t) is the actual degradation 

path, and ε(t) is the model error term. The product is considered failed once the cumulative 

degradation reaches a certain threshold specified by the standard (usually, a 20% drop from 

the initial power output is considered as failure for PV module). The model given in 

equation (3.7) does not provide any information about the effects of environmental factors 

that are actually responsible for degradation. In particular, the actual degradation path of 

the product is affected by the exposure to several environmental factors over time. 

Therefore, the cumulative exposure G for the product is given by equation (3.8).  

   G= ∫ f[X(s),β]ds
 t

0
      (3.8)  

where the function f[𝐗(s), β] represents the instantaneous effect of stress on the 

performance of product due to the environmental conditions at time ‘s’.   

This concept of cumulative exposure is adapted to the previously described 

degradation data structure and is used to model the PV module degradation behavior with 

the incorporation of dynamic covariate information recorded as multivariate time series, as 

given in equations (3.9) and (3.10).  

   y(tij)=G[tij, xi(tij)]+εi(tij)     (3.9) 

Where the form of degradation path G[.] is given in equation (3.10). 

 G[tij,xi(tij)]=β
ini

+ ∫ ∏ fl[xil(s),β
l
]

p

l=1
ds

t

0
    (3.10) 
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βini is the initial level of power degradation, βl the parameters in the covariate effect 

function f(. ), and εi(tij) the error term. Note that the function fl[xil(s), βl] denotes the 

instantaneous effect of the stress factor xil on the module degradation at time s. The 

Ordinary Least Squares (OLS) method or Maximum Likelihood Estimation (MLE) 

methods can be used for parameter estimation. Now, the next challenge is to determine 

functional form for the covariate effect transformation function f(. ) on the module 

degradation, which is explained in the following subsection.   

3.3.1 Functional Forms for Covariate Effects  

There are two approaches to define the functional forms for the covariate effects. 

The first approach is motivated by the models based on physics or chemistry-based 

degradation rate equations. For instance, the Coffin-Manson model is most commonly used 

to provide the functional form for the effect of cyclic temperature on PV modules, provided 

that the information on temperature is available. The second approach is to use non-

parametric methods, especially when the physics-based models do not work well for the 

given dataset or data are inadequate for validating the functional form. For example, Hong 

et al. [28] and Meyer [64] defined shape restricted spline basis functions to model the 

effects of dynamic covariates. But, the underlying parameters for the failure mechanisms, 

such as activation energy are difficult to interpret when using spline basis functions. Since, 

the functional forms for all the environmental factors under study are available and have 

been used by various previous studies [47], [50], [51], [58], the physics-based functional 

forms are adopted for this research.  
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In terms of static and cyclic module temperature effect functions, the Arrhenius 

model given in equation (3.11) and Coffin Manson model given in equation (3.12) are used 

respectively. The effect of the relative humidity is modeled through Peck’s model given in 

equation (3.13) [52], [57]. The effect of UV can be modeled using a log-linear model as a 

function of wavelength, especially integrating over UV irradiance band. Since the 

information about wavelength and UV is not available directly, the UV irradiance is taken 

to be 5% of POA irradiance [18] and the functional form of its effect is modeled similar to 

Peck’s model with Arrhenius term. This method has been used in accelerated testing to 

study the effect of encapsulant browning in PV modules due to UV exposure [18].  

Rate(T)=γ
0
× exp (

-Ea

k×T
)     (3.11) 

    N=
1

(ΔT)α
                  (3.12) 

 Rate(T,RH)=ξ
0
× exp (

-Ea

k×T
) ×(RH)β                   (3.13) 

Where “Rate(. )” denotes the reaction rate due to environmental factors such as 

temperature, humidity, etc. “N” is the number of cycles to failure, “Ea” is the activation 

energy (in eV) based on product or material characteristics. “k” is the Boltzmann Constant 

(8.62×10−5 eV/K), “T” is the Temperature (in Kelvin), “ΔT” is the cyclic temperature (in 

Kelvin), “RH” is the Relative Humidity (in %) and “γ0, ξ0, α, β” are the constants based on 

product or material characteristics.  

Motivated by the Norris-Landzberg approach [65], a combined functional effect 

model can be built. Reference [50] developed a similar model to study the effect of cyclic 

temperature on solder bond degradation. Hence, the functional form for the environmental 
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stress-effect transformation function f(. ) is given by the physics-based model given in 

equation (3.14).  

    Rate(T,ΔT, UV, RH)=β
0
× exp (

-β
1

k×Tmax
) ×(ΔTdaily)

β
2×(UVdaily)

β
3×(RHdaily)

β
4       (3.14) 

Where “Rate(T, ΔT, UV, RH)” is the reaction rate due to environmental factors such 

as static module temperature, cyclic module temperature, UV radiation and relative 

humidity. The parameter “k” is the Boltzmann constant (8.62×10−5 eV/K), “Tmax” is the 

daily maximum temperature of module (in Kelvin), “ΔTdaily” is the daily cyclic temperature 

of module (in Kelvin), “UVdaily” is the daily daytime average UV irradiance (in W/m2), and 

“RHdaily” is the daily average relative humidity (in %). In addition, the parameters to be 

estimated are “β0” which is the frequency factor (in sec-1), “β1” the activation energy (in 

eV), “β2” the effect of cyclic temperature, usually in the range of 2 to 5 [52]. “β3” is the 

effect of ultra violet radiation, usually in the range of 0.6 to 1 [9], [18]. “β4” is the effect 

of relative humidity, usually in the range of 0 to 2 [50], [52].  

3.3.2 Parameter Estimation 

The method of Ordinary Least Squares (OLS), which aims at minimizing the 

squared loss, is used to obtain the estimates for unknown model parameters. However, the 

evaluation of integral in equation (3.10) is not trivial and involves special numerical 

quadrature methods to solve this problem. Since the degradation data and dynamic 

covariate information are measured as discrete data points, the modified cumulative 

exposure model is given in equation (3.15).  

 y
i
(tij)=β

ini
+ ∑ β

0
× ∏ fl[xil(tij);β

l
]

p

l=1
+εijl                 (3.15)  
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In the case study, the value of ‘p’ is 4 since there are four environmental variables 

under consideration. The constraints on the parameters are given in equations (3.17) to 

(3.20). Note that all these parameters are based on material properties of the PV module. 

If the module is new at installation, the value of ‘βini’ is taken to be zero. In some cases, 

the measured power is greater than the specified nameplate ratings, especially during the 

infant life period. Reference [58] used a 10% threshold to account for this inherent 

uncertainty. In the degradation model, ‘βini’ is set to -0.1 to account for various hidden 

uncertainties and get a good prediction. The optimization problem to get the parameter 

estimates is formulated as follows.  

Objective:   

          Minimize  ∑ (Y-Xβ)
2    (3.16) 

Subject to: 

                0≤β
1
≤2               (3.17) 

                                                2≤β
2
≤5                (3.18) 

0.6≤β
3
≤1     (3.19) 

                                                 0≤β
4
≤2    (3.20) 

where Y is the actual response and 𝐗β is the predicted value, with 𝐗 being the 

covariate matrix and β the corresponding effects.  

It is to be noted that the covariate effect function model cannot be linearized using 

natural log function since it involves cumulative effects; i.e., the integral (summation) 

hinders the possibility to completely linearize the model. There are several methods 

available to solve the constrained non-linear regression problem [66], [67]. The algorithms 
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based on the Nelder-Mead method, variable metric method, directed search method, and 

gradient method are mostly appropriate for specific set of problems, but they may require 

restrictive assumptions relating to existence of derivatives, unimodality, etc. [68], [69]. In 

addition, using these methods for nonlinear regression may not converge to a global 

solution and it is complicated to deal with the gradients when the number of parameters 

becomes high. In addition, since the functional forms for covariate effects include 

constraints on parameters, it will be difficult to include all these constraints and 

simultaneously come up with reasonable initial starting point. A reasonable approach is to 

follow an evolutionary strategy for optimization. The genetic algorithm (GA) fits this 

purpose and a wide range of nonlinear regression models in finance, engineering, chemical 

sciences have been solved using GA [68]–[71]. Hence, a GA-based nonlinear parameter 

estimation is used in this case study. The algorithm works by generating a possible set of 

parameter values termed as population, based on the given upper and lower bound. There 

is no requirement to calculate the gradient of performance functions due to which, the 

probability for a GA to become trapped in a local optimum is less compared to the 

conventional gradient based methods.  

In this case study, the population size of 100 is used. Once the population set is 

determined, the individuals of the generation are evaluated for the given fitness function, 

in this case, fitness corresponds to sum of squared errors. The evolution process of the 

generation is driven by genetic operators, which follow the Darwinian principle, i.e., 

survival of the fittest. The common genetic operators are reproduction, crossover and 

mutation. The evolution operation is carried out once the fitness proportion (10% for this 
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case) of the population is determined. Some members of the population are transformed 

using genetic operators namely reproduction, crossover and mutation, with assigned 

probabilities of 0.1, 0.2 and 0.1 respectively. A new set of population is formed, and the 

process is repeated until convergence. Note that when the number of variables in genetic 

algorithm increases, the computational cost grows rapidly since more function evaluations 

will be needed and the rate of convergence will be slow.   

Table 3.2: Parameter Estimates of the Cumulative Effects Model Along with 95% 

Confidence Interval 

Parameter  Description  Estimate  Lower 

95% CI  

Upper 

95% CI  

β0  Frequency Factor  0.35  0.21  0.50  

β1  Activation Energy  0.70  0.63  0.76  

β2  Cyclic Temperature 

effect  

2.41  2.34  2.46  

β3  UV effect  0.75  0.68  0.89  

β4  RH effect  1.52  1.27  1.80  

  

3.4 Results and Discussion  

The results of parameter estimation and the predicted degradation plots are given 

in this section. The estimate of activation energy (β1) is 0.70 ± 0.07 eV, which is reasonable 

for the crystalline silicon module family. It is noticed that a very small change in the order 

of 0.01eV in the activation energy produces a significant difference in the degradation rate 
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prediction, because β1 is used in an exponential function. The values of the model 

parameters are tabulated in Table 3.2. The predicted degradation path and the actual 

degradation path of the training data set are shown in Figure 3.2. The parameter estimates 

are based on the training data set from 1998 to 2010. In order to validate the model and 

make it useful for prediction, the test data set containing the environmental stress 

information from 2011 to 2012 is used. Note that, there is an abnormal measured data 

shown in Figure 3.2, but the exact reason is not known to eliminate it. Even though it was 

not possible to explore more about the abnormal data point, it did not have significant 

influence in the regression model estimates as seen from the predicted path. The actual 

degradation path and the predicted degradation path of the test dataset are also shown in 

Figure 3.2.     

 

Figure 3.2: Actual and Predicted Degradation for the Year 1998 - 2012   
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The predicted values are satisfactory given that only limited information about the 

degradation path is available. If the information of all the 280 modules are individually 

available, then a more robust estimate can be obtained. In addition, there is not much 

information on defects, such as browning, solder bond damage, etc., from the available 

field measured data. Hence, it is not possible to study about these failure modes 

individually.  Now, using the cumulative effects model, it is possible to predict the behavior 

of monocrystalline silicon modules for any location in the world, as long as the local 

weather data is available. Figure 3.3 shows the degradation paths for various locations 

across United States, categorized to different climate zones. Table 3.3 provides additional 

details of these predictions.  

 

Figure 3.3: Degradation Plot of M55 x-Si Modules at Selected Locations for 10 Years 

(2006 - 2015)   
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In order to additionally validate the model results for some other locations, the M55 

modules installed at two sites in Arizona (Mesa and Tempe) are considered, with data 

available at the PRL, ASU. The first site has 9 modules aged 18 years with a mean Pmax 

degradation of 1.45 ± 0.05% per year and median Pmax degradation of 0.96 ± 0.03% per 

year. The second site has 200 modules aged 18 years with a mean Pmax degradation of 

2.35 ± 0.1% per year and median Pmax degradation of 2.40 ± 0.1% per year. Though both 

sites are close to each other and have similar weather characteristics, there is considerable 

difference in degradation rates. This can be due to several reasons like low sample size for 

one site, other losses due to soiling, browning, solder bond failures etc. As it is shown in 

Table 3.3, the predicted degradation for Phoenix, AZ is about 1.50% per year with a wide 

interval and appears to be a reasonable estimate given the similar climate conditions to 

Mesa and Tempe. Note that the model estimates are completely based on the entire system 

performance data from Colorado, which has different weather condition compared to 

Arizona and from different manufacturer. The data for other regions are not available to 

validate, so it is not possible to arrive at a solid conclusion for other sites. But the model 

results show that the degradation is higher for hot-humid regions than for hot-dry regions, 

denoting that humidity plays a role in determining the degradation path.   

For comparison, Tampa has similar weather conditions when compared to Phoenix 

but has a much higher humidity level, which resulted in a higher degradation rate in Tampa. 

But, an important point to remember is that the model is based on ambient relative humidity 

rather than the internal humidity inside the module. There are not many models or tools 

available to calculate module humidity for such large database of weather data. In addition, 
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the entire modeling and estimation is based on the degradation data of M55 modules with 

low sample size. A good robust estimate of factors like activation energy and other factors 

are still needed to generalize the results for the entire c-Si module family, due to difference 

in module construction (like wafer thickness, cell area and module area, etc). In the case 

study, the major environmental factors considered were temperature (Static and Cyclic), 

UV, and humidity causing failure modes such as encapsulant browning, solder bond fatigue 

etc. However, the power degradation can also occur due to failure modes like microcracks, 

especially due to significant reduction in wafer thickness of modern c-Si glass/polymer 

modules. The regression model established in the chapter can be extended to incorporate 

such effects and this will be researched in the future study. Nevertheless, the objective of 

this research is to establish a methodological approach for estimating the combined effects 

of multiple environmental factors and the prediction results presented in the chapter 

validates the proposed approach.   

Table 3.3: Percentage Power Degradation per Year For M55 x-Si Modules at Various 

Locations Across USA  

Region  Classification  Estimated Degradation 

per year (%)  

Lower 

95% CI  

Upper 

95% CI  

Phoenix  Hot and Dry  1.50 %  0.90 %  1.92 %  

Westchester  Cold  0.88 %  0.63 %  0.95 %  

Tampa  Hot and Humid  1.76 %  1.48 %  2.04 %  

Albuquerque  Semi-Arid  1.17 %  0.63 %  1.47 %  
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3.5 Conclusion  

In this chapter, a practical approach for integrating stochastic outdoor weather 

information to study the PV module’s output power degradation using physics-based and 

data-driven modeling method is presented. The proposed approach is modeled and 

validated using the actual monocrystalline silicon modules data collected over a long term. 

The advantage of cumulative effects modeling method is that it can be used to predict the 

degradation behavior of any module construction. Using this approach, it is easy to identify 

the influence of environmental factors and levels that can be used in designing or 

improving accelerated life testing conditions necessary for module lifetime predictions. 

The estimates of cumulative damage model provided in this chapter holds for general class 

of monocrystalline silicon M55 module family and might vary for different manufacturers. 

In order to accommodate for different manufacturers, a random effects model can be 

incorporated. Also, the proposed methodology was demonstrated based on the performance 

data obtained with one-year time resolution. The accuracy of the prediction based on the 

proposed methodology may be improved by using the performance data obtained on a 

quarterly basis. But the quarterly performance measurements over multiple decades would 

become cost prohibitive along with frequent interruption of plant production. Since the 

quarterly degradation rate of c-Si modules is negligibly small and falls within the 

experimental measurement error, the one-year time resolution data is used. In addition, 

there is not much information about the individual performance parameters like short 

circuit current, open circuit voltage to study the specific defects like encapsulant 
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discoloration, solder bond degradation etc., thus making it hard to understand the type of 

defects that were reasonable for the power degradation of the modules in the study.   

To predict for the future, the multivariate time series forecasting methods should 

be used to obtain the covariate information first and then predict the module degradation. 

There are several univariate and multivariate time series modeling approaches available to 

forecast weather conditions. But it is not possible to conclude that a single model will work 

for all locations. Also, it is highly complex but not impossible to accurately forecast the 

weather conditions for 25 years and beyond. As an alternative approach, the user can take 

advantage of the Typical Meteorological Year (TMY) datasets for approximate and long-

term predictions. These TMY datasets are constantly updated and are available at NSRDB 

database [53]. In addition, although the covariates such as temperature, UV radiation and 

relative humidity are commonly used as the major factors in module degradation, there are 

several other factors such as soiling, snowfall, etc., that should not be ignored for certain 

climatic conditions. For some unavoidable cases, if the functional form of the covariates is 

not known explicitly, a complete data driven approach for quantifying the degradation path 

could be implemented.  
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CHAPTER 4  

OPTIMAL PLANNING AND INFERENCE USING ITERATIVE  

ACCELERATED LIFE TESTING 

An important task before conducting Accelerated Life Testing (ALT) experiments 

is to properly design the test, based on the historical data and prior failure time models of 

similar products. The initial estimates of the model parameters need to be reasonable so 

that the test plan can produce sufficient number of failures during life testing. In the 

previous chapters, several strategies to obtain a good prior model with reasonable estimates 

was discussed. Though many methods have been developed to design test plans with 

unknown prior distributions, there is still active research in this area to obtain the best value 

of the final parameter estimates. A main drawback is that, in most cases, these ALT test 

plans consider only one stage of experimentation, which is often inadequate for building a 

reasonable prediction model, especially for new products. In this chapter, an iterative ALT 

planning and life quantile prediction framework for studying PV module failure modes is 

proposed. The first stage of design is carried out based on the prior knowledge of various 

possible acceleration regression models and followed by an adaptive second stage ALT 

test planned under the given budget to improve the prediction accuracy obtained from the 

first stage. The iterative ALT method for PV modules is being tested by several leading 

PV industries, research labs, etc and is relatively new to the PV community. The proposed 

approach is demonstrated through real accelerated life testing data in a study of encapsulant 

discoloration mechanism using UV testing. 
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4.1 Introduction  

Today’s PV module manufacturers are facing increasing pressure to continuously 

develop and deliver new products and technologies within a short span of time. There are 

various reliability tests both in product design stage as well as in manufacturing stage 

ranging from material and component level to a complete system level. Many mechanical, 

electrical and weather-related ALT tests are conducted before the modules are released to 

the market. In this chapter, the design stage as well as the inference (analysis) stage of 

accelerated life testing are considered.   

One of the most important step is to design a statistically sound ALT test plan such 

as deciding on the number of factors for the test, the levels of each factor, sample size, 

censoring type, etc. But conducting ALT/ADT (Accelerated Life Test/Accelerated 

Degradation Test) is not an easy task since it involves a lot of practical constraints, ex: the 

chamber may not be able to accommodate all the factors needed for the experimentation. 

Meeker et al. [32], [33] discussed the pitfalls of ALT for various phases like planning, 

conducting and analyzing ALT data. After conducting the experiments, the test results 

often need to be extrapolated through a physics-based statistical model to obtain the 

reliability prediction at use level. The traditional design of experiments approach might be 

inadequate for ALT planning and analysis since the test would yield censored data (or), 

non-occurrence of failure modes at some stress levels and so on.   

Many times, manufacturers do not have the luxury of having all the information 

about the product due to various reasons. As seen from all the previous chapters, to help 

the manufacturers to plan and conduct ALT, and to decide on the warranty level, several 
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methodologies were proposed to come up with the initial prior models and parameter 

estimates. But, it is to be noted that in some cases, the prior failure time models and other 

information from the same product family may not be sufficient to get accurate final 

estimates in a single ALT run.   

If the prior failure time distribution used for planning the test is different from the 

posterior failure time distribution obtained from the actual ALT experiments, then it is hard 

to determine whether the model estimates are really good enough for prediction purposes. 

In addition, the error in prior model can lead to extremely misleading information and 

results in wastage of the resources. For instance, consider the Arrhenius model, the effect 

of temperature (usually termed as activation energy) needs to be as precise as possible since 

a small variation can lead to misleading results, as the effect of temperature is expressed in 

an exponential term. Similar problems could occur with other models too.   

A common practice of developing an optimal test plan involves minimizing the 

uncertainty of failure time distribution for the product’s normal use condition, which is 

hard to achieve with single stage of experimentation. Bessler et al. [34] demonstrated the 

importance of iterative ALT and came up with the idea of optimal iterative ALT design. 

The proposed iterative ALT is an important strategy for niche products in which the 

parameter uncertainties are quite high due to the lack of complete information. Tang et al. 

[35] continued with iterative testing scheme with one factor and showed that conducting 

the experiments in iterative stages will increase the prediction accuracy and robustness of 

the model. But, most of these literatures were tested and validated for products other than 

PV modules and is designed to conduct only one set of experiments at higher level during 
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the first stage. This will not produce satisfactory results because the experiment needs to 

be conducted for at least two different levels to get an estimate for each factor.   

Nelson [26], Meeker and Escobar [45], [72] proposed the need for ALT plans and 

inference procedures with two or more experimental factors. Experimental designs for 

ALTs with multiple stress factors have been discussed in Monroe et al. [37]–[39], Yang 

and Pan [40], Pan et al. [41], [42], Nasir and Pan [43], [44]; however, these previous 

publications have not been utilized for iterative test planning. Instead, they either assumed 

that the prior ALT model was fully known, or a Bayesian robust plan was derived. More 

recently, Zhao et al. [36] used Bayesian averaging model by performing experiments at 

higher stress level for the first stage and planning the second stage using the posterior from 

the first stage. Their iterative plan was shown to have a better performance than one-shot 

plans, but computationally this strategy was not easy to implement. To alleviate the above-

mentioned problems and achieve good results, the iterative ALT planning and life quantile 

prediction framework is modified by testing at more than one level even during the first 

stage. Since there is a high probability for the failures to occur at highest stress level, the 

allocation of samples should be adjusted so that additional stress levels can be included in 

the first stage. This will help in obtaining a good lifetime model and estimate of at least 

one factor (or in other words, most critical factor) in the first stage and then, in the second 

stage, the ALT experiment can focus on the remaining factors for improving the model and 

predicting the life distribution or life stress relationship at the use stress level.   

In summary, this chapter deals with developing a methodology to improve the 

accuracy of model estimates from the ALT experiments with the use of Iterative 
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Accelerated Life Testing (I-ALT) methodology. The following sections describe the 

proposed methodology followed by a case study of encapsulant discoloration of PV 

modules.  

4.2 Methodology  

A typical parametric ALT model consists of two main components, the first one 

being the failure time or lifetime distribution and the second one being the life-stress 

relationship. Usually a log-location-scale distribution family, as given in equation (4.1), is 

used to model the failure time distribution of the components under ALT and is linked with 

the life-stress model given in equation (4.2).   

 F(t) = Φ [(log (t) − μ) /σ],               (4.1)  

where Φ is the standardized location-scale Cumulative Distribution Function (CDF), μ is 

the location parameter, σ is the scale parameter and t denote the failure time. The life-stress 

model is chosen based on the factors involved in the experimentation. For instance, if the 

major cause of failure is temperature, then Arrhenius model is used to capture the 

relationship between failure time and stress variable (i.e., temperature). Usually, many 

experiments involve more than one variable such as current, humidity, pressure, voltage, 

etc., in addition to the temperature effect and their parametric life stress model is given in 

equation (4.2).  

 μ = β0 + β1 s1+ …+ βn sn        (4.2)  

where ‘si’, denotes the stress (i) acting on the product with the corresponding effect 

βi, i = 0, 1, ..., n, Clearly, this method involves various parameters denoted by φ = (β0, βi, 

σ) and all of these parameters can be statistically estimated.  
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The first stage of iterative accelerated life testing design is carried out based on the 

prior knowledge of various possible acceleration regression models. Usually, the iterative 

ALT involves testing only at the highest factor level in the first stage followed by designing 

and conducting the second stage of experimentation for remaining levels based on the first 

stage data [34], [35]. Since there will be some critical factors that might be more sensitive, 

testing at one stress level during the first stage will not be helpful in getting a good estimate 

to proceed for the second stage. In this chapter, the first stage of the iterative ALT 

experimentation is modified to statistically estimate at least one factor (test with more than 

one level), followed by an adaptive second-stage ALT test planned under the given budget 

to improve the prediction accuracy using the data obtained from the first stage. This method 

can also be effective for planning ALT with critical or more sensitive factors, which play 

a major role in failures (ex: temperature-activation energy). The failure time model and 

other functions given in equations (4.1) and (4.2) still remains unchanged for the 

methodology but the estimates can be more accurate than the usual iterative ALT.  

Apart from that, this method of testing at more than one level at the first stage of 

testing will usually involve several combinations of test runs if the number of critical 

factors is greater than one. It will be hard to obtain a good estimate of all the factors in first 

stage if the sample size is not large since the test will involve several combinations of each 

factor. In those cases, the proposed methodology can be modified by estimating the 

parameters step by step by fixing the effect of one factor to estimate the other factor to get 

a reasonable estimate of multiple factors. This will require ‘n+1’ experimental runs to 

estimate ‘n’ factors during the first stage of experimentation, provided that there is no 
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interaction between these factors. This method of iterative ALT will be helpful to obtain 

more reasonable estimates at the end of second stage testing, by taking care of uncertainties 

in the prior information used to plan the ALT test and then conduct the actual testing with 

the updated prior information. The flowchart in Figure 4.1 represents the steps involved in 

conducting the proposed iterative ALT methodology.  

 

Figure 4.1: Generalized Flow Chart of the Proposed Iterative Accelerate Life Testing  

(I-ALT) Methodology. 

As stated earlier, the first stage involves planning and conducting the 

experimentation with at least two levels based on the available information (expected 

failure time distribution and life stress model) at hand. The methodology in chapters 2 and 

3 could be helpful in obtaining such prior information. Let μ = (μ1, μ2, ……, μn) be the mean 
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vector of all the lifetime distributions. Once the first stage test results are available, the 

failure time distribution for the test units and, the location and scale parameters (μi and σs) 

for the given stress levels are estimated. Once the failure time distribution parameters are 

available, the model parameters φ = (β0, βi, σ) can be updated. The Maximum Likelihood 

Estimation (MLE) method can be used to estimate and update φ [36].   

In case, if there are two or more critical factors needed to be estimated in the first 

stage itself, then the testing method should be modified to accommodate multiple factors. 

At first, the most important/critical stress factor (or any one factor at random) is tested at 

two different levels keeping the other factors constant with an assumed prior distribution. 

The effect of the first factor is estimated and updated in the prior model. Fixing the effect 

of first factor, now the experimentation is carried out by modifying the second critical 

factor’s level and estimating the effect of the second critical factor. The prior model 

estimate for the second factor is then updated and repeating the experiments to estimate all 

the necessary critical parameters, provided there are sufficient number of samples available 

for the subsequent stages of experimentation.  

Now, the updated estimates of the failure time model parameters are available and 

can be utilized to plan for the second stage of experimentation. In the first stage, the user 

can allocate equal samples or with pre-determined ratio of sample allocation for each level 

based on the stress factors and testing limitations. If the first stage of experimentation is 

done at highest and lowest level, then the middle level can be chosen to run the test to 

check for curvature effect in the second stage but depending on the equipment capability 

and cost/time constraint. Again, to decrease the prediction error and improve the model 
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accuracy further, a second stage of experimentation must be performed to update the 

estimates using the remaining samples from the first stage. If the assumed prior information 

is good enough, then the results from first stage of experimentation and second stage of 

experimentation should be very close to each other. Even if the assumed prior model is not 

good, then the first stage of experimentation will provide an opportunity to correct for 

errors by conducting the actual experiments, which is a great advantage in iterative 

accelerated life testing method.    

 In terms of sample size allocation, equation (4.3) to equation (4.6) can be helpful 

in determining the optimum sample size and also the stress levels for every stages of 

experimentation [35]. In this approach, care should be taken to prevent zero failures, since 

ALT will not be useful if there are no failures observed [45]. Seo and Pan [73] developed 

the optimal test planning approach that accommodates three optimality criteria: D-

Optimality, U-Optimality and I-Optimality. Usually, it is recommended that the tests 

should be done with 2 or 3 levels at different combination of factors to obtain robust 

estimates. Let v denotes the number of test units available for the corresponding stage of 

experimentation, qi denotes the proportion of units that are allocated for stress xi to the 

corresponding test run ‘i', then the optimization problem is as follows.  

 Objective: Min E β (Var y(i); xi, qi)          (4.3)  

 Subject to: v. qi. p(xi) ≥ Ri             (4.4)  

 0 ≤  x𝑖 ≤ 1                (4.5)  

 0 ≤  ∑ q𝑖
𝑛
𝑖=1  ≤ 1                 (4.6)  
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The objective function is to minimize the expected variance of the response of 

interest. The p(xi) term in the constraint (4.4) denotes the failure probability at the 

respective transformed stress level (xi). This information is obtained from the prior 

historical information and can be updated after the first stage of experimentation. The 

constraint denotes that out of ‘v’ available samples, qi proportion is allocated, and those 

allocated samples has failure probability p(xi) for the corresponding stress level (xi) with 

at least Ri failures are expected in each test run ‘i’. This is because, if there are no failure 

in the test set, then it is not possible to extract any information about the product. The 

constraint (4.5) denotes that the stress levels are coded (from 0 to 1) variables and the 

constraint (4.6) denotes that the sum of total fraction of units should be less than or equal 

to unity.   

The testing is planned and conducted with all the above information and the 

estimated parameters from the first stage will be used for updating the failure time model 

and stress life estimates for planning the second stage of experimentation. Once the second 

stage of experimentation is completed, the model fitting and the final parameter estimation 

are carried out in a similar way as discussed previously. The next section demonstrates the 

proposed methodology using the data from standardized protocol [75] conducted at 

Photovoltaic Reliability Laboratory (PRL) to study the encapsulant discoloration of PV 

modules. This project was supported in part by the U.S. Department of Energy under Grant 

DE-EE0007138, the SunShot program, PREDICTS II. (2016-2018) and the completed 

reports and the dataset is made available for public use at Photovoltaic Reliability 

Laboratory, ASU [21, 75]. 
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4.3 Encapsulant Discoloration Study of PV Modules   

The proposed new reliability analysis framework is demonstrated through the real 

accelerated life testing data [75] obtained from PRL at ASU [21] for studying the 

encapsulant discoloration (browning) mechanism of PV modules. The main objective of 

the proposed framework is to predict the failure time distribution of encapsulant browning 

mechanism and estimate the activation energy using this new iterative testing procedure. 

In the report published at PRL [75], a standardized approach for estimating the activation 

energy by using two methodologies (F2F) and (A2F) is presented. This dataset of 

encapsulant discoloration testing serves the purpose of validating the proposed statistical 

inference framework since two similar tests have been performed to study the same failure 

mode. In this research, the same dataset is used to determine the failure time distribution 

and estimate the activation energy using the proposed statistical inference procedure. Note 

that only the new data analysis procedure has been discussed in this report. The overall 

experimental setup, sample preparation and testing procedure is made available to the 

public and is available at PRL [21, 75]. The overall aim of the proposed research is to 

provide the statistical reasoning behind this ALT testing to estimate the value of activation 

energy and validate the iterative experimentation technique. The results of this study will 

be useful for the future manufacturers of PV modules to design and test their modules and 

predict the reliability for their use location. Two sets of data are considered for this 

methodology; The first dataset is to arrive at a preliminary result to estimate the failure 

time distribution and optimum plan to conduct ALT, the second dataset is to estimate the 

activation energy for the failure mode under study. This UV exposure stress testing is 
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critical for evaluating the durability of module packaging materials. Encapsulant 

discoloration is a well-known field degradation mode of crystalline-silicon photovoltaic 

(PV) modules, particularly in the hot climate zones (example image is shown in Figure 

4.2). The discoloration rate is influenced by several weathering factors, like temperature, 

UV irradiance on the module, etc. One of the critical components in the PV module 

laminate is the polymeric encapsulant, which provides the structural support, electrical 

isolation and mechanical protection to the solar cells from the external environmental 

stressors (moisture, dust, hail, etc.,). Since the inception in early 1980s, ethyl vinyl acetate 

(EVA) is the dominant encapsulant for PV applications due to its low cost and high thermal 

stability. However, the fielded modules are observed to suffer from encapsulant 

discoloration over long period of time which decreases the module performance gradually. 

Browning is caused by the photothermal decomposition of EVA under prolonged UV light 

exposure (280 nm - 360 nm) and elevated temperature. Hence it is essential to quantify the 

effect of this failure mode to understand and estimate the reliability of PV modules in the 

field conditions. Further, as explained in chapter 2, it is essential to observe the actual 

parameter that is being affected by this failure mode instead of Pmax as a response variable. 

Hence, the degradation in short-circuit current (Isc) rather than maximum power is used as 

a decisive parameter for this analysis. Further, the developed methodology is validated to 

predict the field performance in Arizona, characterized by hot and dry climate. 
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Figure 4.2: UV Fluorescence Image of PV Module Browning [75]. 

As per the proposed methodology, the first step is to plan the life testing experiment 

using historical data of PV modules. Since this method of using Isc values instead of Pmax 

has not been tested previously as per our knowledge, the prior data for this step is not 

available. The failure time distribution and model parameters are unknown to plan the test 

and hence the first test is planned and conducted using the expert knowledge and field 

degradation knowledge about the product. One possible method to determine the 

preliminary acceleration factor is termed as (F2F) [75], where the degradation data from 

field retrieved modules AZ and NY are compared using different models and the activation 

energy is determined. But the number of samples is not high to obtain a good estimate of 

failure time distribution in this case. Hence, the initial assumption for the failure time 

distribution is yet to be determined clearly. From the results of previous damp heat testing 

and TC testing of similar products, the failure time could follow commonly used 

distributions like Weibull or lognormal distribution, and the most common stress-life 

distribution is the Arrhenius model [47]. 

To test the reliability of these PV modules and develop an initial parametric lifetime 

model, the accelerated life testing with three different levels of temperature is considered. 
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This accelerated testing was conducted in the Atlas Ci4000 Weather-Ometer chamber 

equipped with Xenon-arc lamp. The stress variables are coded (0 to 1) where 1 denotes the 

highest stress level, 0.5 denotes the middle level and 0 denotes the lower stress level. The 

decoded/actual values for the three levels of temperature variable are 77°C, 107°C, 123°C. 

Note that the main objective is to estimate the activation energy responsible for encapsulant 

browning mechanism. 

Once the data from the first test is obtained, the failure time model is developed 

and based on the results of the first test, the second test is conducted. Another set of 

experiments were performed in a special walk-in chamber (big chamber in PRL, ASU) this 

time. The values for the three levels of temperature in this second stage of experimentation 

are 60°C, 77°C, 85°C. It is to be noted that the main objective of the second stage of 

experimentation is to estimate the value of activation energy responsible for encapsulant 

discoloration mechanism alone. Since the ‘Ea’ term is embedded into exponential 

relationship in the Arrhenius model, the temperature is termed to be critical factor in this 

testing. Hence, the sole objective of the second stage experimentation is focused more on 

obtaining the activation energy estimate closer to the true value. The results of the proposed 

methodology for first stage and second stage of the ALT, and other details are given in the 

next section.  

4.4. Results and Discussion 

In this section, the results of the proposed methodology for the case study of 

encapsulant discoloration is provided. As discussed earlier in the previous section, the 

study considering short circuit current has not been explored earlier for this failure mode, 
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so the initial model estimates are not known. Based on the expert knowledge about the 

degradation behavior and field information, prior to conducting experiments, the initial 

failure time model from the similar product family could follow Weibull or Lognormal 

distribution with Arrhenius stress life relationship given in Equation (4.7). The linearized 

form of life stress model is given in Equation (4.8), which is a linear function of all the 

stresses and can be estimated analytically.  

     TTF = β e γ/kx1. (x2)-m. (x3)-n                   (4.7) 

 ln (TTF) = ln β + 
γ

k
(

1

x1
) – m ln(x2) -n ln(x3)        (4.8) 

where ‘β’, is a frequency factor, ‘x1’ is the temperature, ‘γ’ is the activation energy (eV), 

k is Boltzmann constant (= 8.617 x 10-5 eV/K). ‘x2’, ‘x3’ denotes other stress factors with, 

‘m’ and ‘n’ being their chemical constants. Since the values of various factors are not 

known initially, they are assumed to be normally distributed with mean and variance 

collected from the literature, with the values (highlighted in violet) shown in the first row 

of Table 4.1. Initially, the value of activation energy is assumed to be around ~60 kJ⋅mol-

1 which is converted to be 0.62 eV, but can vary depending on the product type, failure 

mode and testing method as available from the literature [47, 48, 49, 74, 75]. 
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Figure 4.3: Results of the First Stage of Testing [75]. 

The chamber capacity was good enough to conduct experiments in a single run for 

all the test units and the results of the first test is shown in Figure 4.3. Due to the availability 

of sufficient samples in the middle level, the test data at 105°C is taken to estimate the 

initial failure time distribution. The degradation at 123°C looks a little bit higher when 

compared to the degradation at other levels of temperature (77°C and 105°C), but there has 

been no information about the occurrence of any other failure mode at that level of 123°C, 

hence it is included for the activation energy estimation. In order to calculate the failure 

time threshold, the ratio given in [76] for glass-backsheet module type is used. From 

analyzing the previous datasets at PRL [21] and from the recent literature [76], it is assumed 

that for every 1% Pmax degradation, the Isc value drops by 0.4%. This is just a reference 

threshold to calculate the failure time from the degradation rate (ie., the time taken for Isc 

to drop below 0.4% from the initial measurement). This number can be varied depending 



 

83  

  

on the module type but the data from PRL is taken as reference for this research. Usually, 

the qualification tests are conducted based on the 5% Pmax degradation as a pass/fail 

criterion for certain number of hours of PV module testing (ex: 1000 hours for damp heat 

testing). Using this notion, the failure time is calculated by extrapolating the degradation 

rate information from the test data [75]. It can also be noted that the user can change the 

failure time criterion depending on the product’s characteristics and place of deployment. 

The failure time distribution is modeled and the location and scale parameter of both 

Weibull and Log-normal fit is shown in the Table 4.1. 

Table 4.1: Results of the First Stage of Experimentation 

Temp  Loc Scale ln A Ea 

Weibull         

0 6.37 0.71 N(0,10) N(0.62,0.5) 

0.5 5.83 0.107 -0.09±9 0.22±0.3 

1 5.52 0.107 -0.09±9 0.22±0.3 

Lognormal     

 

  

0 6.26 0.72 N(0,10) N(0.62,0.5) 

0.5 5.23 0.925 -6.83±5.3 0.42±0.3 

1 4.64 0.925 -6.83±5.3 0.42±0.3 

 

In addition to the failure time distribution estimates, the stress life relationship 

estimates like activation energy are also given in Table 4.1. The Weibull distribution is 

initially used to fit the failure time model and the corresponding estimates of unknown 

parameters of the lifetime distribution (like location and scale) and stress-life relationship 
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model (like intercept, activation energy 'Ea') are tabulated in Table 4.1. The first row of 

Table 4.1 consists of the parameter estimates fitted using the life testing data at level (0) 

along with the assumed prior values for the unknown parameters of the life-stress 

distribution since there is not yet sufficient information to estimate the life stress 

parameters. Now, using the results of the second and third set of experiments at (0.5, 1) 

along with the first set (0) results, the values of the intercept (ln (A)) term and temperature 

effect (Ea) is estimated and updated using the maximum likelihood estimation method 

(shown in the last row of Table 4.1). The process is repeated with the same experimental 

data for the lognormal distribution case and the parameters are updated for the first stage. 

It can be seen that both the lifetime distributions show different results, and the log-normal 

assumption provides an improved model results from verifying AIC, BIC and maximum 

likelihood criterion. This result can now be utilized as a starting point for estimating the 

critical parameter of interest using second stage of experiments.  

Now, using the updated lifetime distribution, stress life relationship model and its 

estimates, an optimum test plan can be easily designed for another stage of 

experimentation. The main objective is to obtain the most accurate estimate of the 

activation energy since temperature is considered to be the most critical factor among the 

others. A variation of 0.1 eV in activation energy has been proved to change most of the 

results in the final model predictions [47], [48], [75]. In addition to this, the previous 

experimental result is influenced by photo-bleaching reaction due to the presence of 

oxygen, but the aim of the second stage testing is to study the encapsulant discoloration 
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alone. Hence it is essential to make sure to plan the test so that the failure mode under study 

is only encapsulant browning. 

Since the objective is considered to minimize the variance of the parameter 

estimates of the failure time model and make it useful for prediction, the D-optimal design 

is chosen [73]. The optimal ALT experimental design along with the allocated samples for 

each experimental run is shown in Table 4.2. It is to be noted that though there is no sample 

allocation recommended at 77°C, due to availability of additional data at 77°C, it is also 

included in the analysis. This has two advantages: the first one being that it helps to 

understand the effect of curvature in the model; the second advantage is that it will be much 

helpful if there are any discrepancies in the data from other test levels, especially at lower 

temperatures, thus emphasizing on the advantage of iterative testing methodology. The 

second stage testing results should provide a better prediction result since the experiments 

are conducted by reducing the uncertainties in prior information.  

Table 4.2: D-Optimal Design for the Accelerated Life Testing of PV Modules 

Temp 

(°C)  

Testing/Censoring 

(hrs) 

Samples 

Needed 

Expected 

failures 

60 4320 6 4 

77 4320 9 7 

85 4320 15 4 

 

The results of the second stage of experimentation like failure time model estimates 

and stress life relationship estimates are given in Table 4.3. The lognormal distribution is 

used to fit failure time model and the corresponding estimates of unknown parameters of 
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the lifetime distribution and stress-life relationship model are tabulated. The first row of 

Table 4.3 consists of the parameter estimates for the lifetime distribution (location, and 

scale) fitted using the life testing data at level (0.5) along with the first stage estimates of 

the life-stress model. Now, using the results of the second set of experiments at (1) along 

with the first set (0.5) results, the value of intercept (ln (A)) and temperature effect (Ea) is 

estimated and updated using the maximum likelihood estimation method (shown in the 

second row of Table 4.3).  

Table 4.3: Results of the Iterative ALT (Second Stage) Using Lognormal Distribution 

Temp  Loc Scale ln A Ea 

Lognormal         

0.5 6.22 0.115 -6.83±5.30 0.42±0.3 

1 5.83 0.349 -10.82±1.2 0.53±0.25 

 

In order to validate the proposed approach, the short circuit current measured from 

the field deployed modules in Arizona is considered. The actual location parameter for the 

lognormal failure time model is around 10.5. Now, as per the report [75], using the weather 

data across Arizona along with the estimated new model parameters, the predicted location 

parameter is 10.3 with an error of around 3%. 
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Table 4.4: Validation of Results from All Stages of Experimentation 

Validation 

  Actual Predicted Error 

Assumed Prior 10.5±0.06 24.4±0.7 130.00% 

Stage I 10.5±0.06 10.0±0.3 5.00% 

Stage II 10.5±0.06 10.3±0.3 3.28% 

 

Note that the prediction results of using the prior assumption as well as stage I 

experimentation is also provided for comparison. The deviation for the case of initial 

assumption of model parameters is about 130%, which got reduced to around 5% after the 

first stage of experiments. The value of activation energy falls within the range as stated in 

other literatures [47-52], [73-76], and the deviation of around 3% looks reasonable for 

prediction purpose.  

From this initial set of results, it is to be noted that if the experiments have been 

conducted all at once as per the usual ALT methodology utilizing all the resources along 

with unknown assumption of failure time distribution, then it is not possible to know 

whether the parameter estimates are really good enough. This is because, the initial set of 

experiments could have been designed based on some failure time assumption but the test 

data after the first stage could show that the failure time actually follows some other 

distribution. Hence, the proposed iterative ALT methodology provides an opportunity to 

correct for the error and conduct the experiments, thereby eliminating the possible 

uncertainties due to incorrect prior information.  
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4.5 Conclusion 

In this chapter, a modified approach for designing and analyzing the accelerated 

life testing experiments of PV modules is presented. The proposed methodology is 

demonstrated using the actual life testing data of encapsulant discoloration. This approach 

of iteratively testing with more than one stage of experimentation is advantageous when 

compared to one shot experimentation since it reduces the uncertainty in failure time 

distribution as well as life-stress model parameters by updating them systematically. One 

possible limitation is with regards to the time consumption, since this methodology will 

take extra hours than conducting experiments all at once. Especially, this will be a 

challenge for products that are tested inside the chamber for six or eight months. But, in 

cases when the testing is done for a couple of days or weeks, this methodology can be cost 

effective and will be helpful in getting a good estimate for the model parameters. A 

practical aid for applying the iterative testing framework for single stage of 

experimentation with longer test duration would be that, even though the tests are designed 

for only one stage of experimentation, there will be some test runs prior to starting the 

actual experiments to make sure the chamber is ready for testing. Hence, the data collected 

from the samples during these test runs could be effectively utilized for updating the prior 

model parameters and possible redesigning of the test plan.   

Whenever plausible, testing at three levels of each factor will be advisable. The 

advantage of testing at more than two levels is that if there are any discrepancies in the 

experimental data at one level (especially at lower levels where there might not be enough 

failures), then there will be still two more levels to estimate the model parameters. In 
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addition, care should be taken to avoid zero failure problem for each test set by following 

the compromised test plan suggested by Meeker and Ma [77], since ALT will be 

unsuccessful if there are no failures at one or more experimental runs. In case of PV module 

data utilized in this research, there are failures occurring at all stages of experimentation, 

so this problem is fortunately avoided.   
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CHAPTER 5  

CONCLUSION & FUTURE RESEARCH DIRECTIONS 

This research proposed a variety of reliability assessment methodologies applicable 

for predicting the durability of solar PV modules. Since the PV modules installed in field 

are subjected to harsh environmental stresses, the accelerated life testing plays an important 

role to the quantification of reliability of these modules in short period of testing time. But 

there are several obstacles that need to be tackled prior to conducting such expensive 

experiments. Though all the presented studies are aimed at crystalline silicon module 

technology, the proposed methodologies can be applied to any other module technologies 

without loss of generality.   

In the second chapter, the problem of unknown prior models and estimates for 

planning and conducting the failure mode specific accelerated life testing is partially solved 

by utilizing the available limited field degradation data collected from various sites. In 

addition, the developed model is calibrated using the concept of calibration factor to 

account for the unknown environmental effects. The calibrated model is used to determine 

the acceleration factor for IMS degradation by measuring the series resistance increase 

rather than usual power degradation as qualifying factor.  

In the third chapter, the cumulative damage modeling method is used to quantify 

the effects of multiple environmental variables on the module power degradation. This 

approach accounts for incorporating the effects of high frequency input variables to model 

the sparse response data using a continuous time degradation modeling approach. The 
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degradation data of c-Si modules from NREL’s test site is used to validate the proposed 

methodology.  

In the fourth chapter, the research on optimal planning and inference for iterative 

accelerated life testing method is introduced. The advantages of the iterative ALT method, 

data analysis as well as validation, are discussed using the case study of encapsulant 

discoloration. This approach of iteratively testing with more than one stage of 

experimentation is advantageous when compared to one shot experimentation since it 

reduces the uncertainty in failure time distribution as well as life-stress model parameters. 

With that said, there are several research directions possible in the field of 

photovoltaics since the technology is evolving every day. The design of experiments has 

not been fully utilized in this field and will help in developing new cell materials to increase 

efficiency. In addition, most of this research focused on statistical modeling techniques. 

There are several machine learning algorithms which have been utilized in many sectors 

but the trade-off between accuracy and interpretability remains a challenge. Though these 

methods cannot be directly applied to this domain, one possible opportunity is to build 

intelligent PV systems which can automatically understand the effect of soling, tilt angle, 

etc., and adjust to the dynamic environmental conditions. 
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