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ABSTRACT This article addresses a methodology to evaluate the lifetime of photovoltaic 

generators (PVGs) by extracting parameters from a Weibull distribution and using the Akaike 

criterion test. A degradation index is developed for outdoor photovoltaic generators affected by 

operating conditions. Degradation index quantification, through weather monitoring (𝑻𝒊 ;  𝑮𝒊) and 

instantaneous continuous output power, is proposed. For this purpose, statistical data series are 

extracted that correspond to the instantaneous number of contributing PVGs, which allows a 

reliability study. Akaike Criterion Test (AIC) shows that these data series tend towards a Weibull 

distribution. Efforts are made to be able to quantify the parameters of the distribution model and 

thereby obtain the lifetime of the PVG. The approach is validated by using data from several PVGs. 
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1. INTRODUCTION 

Nowadays, the future of renewable energy is 

undisputed. Among these sources of renewable energy, 

solar energy harnessed through Photovoltaic (PV) 

modules is increasingly performant. However, until 

today, the electrical production of many PV installations 

is not monitored with tools and functions of prognosis 

and diagnosis to obtain the best possible efficiency. It is 

well known that without a control function, the presence 

of faults can cause power losses, but they could also lead 

to safety risks that could significantly reduce the 

performance of the PV system. 

The evolution of degradation with respect to 

operating conditions impacts the behavior of the system. 

Numerous studies on photovoltaic generator (PVGs) in 

outdoor environments have confirmed performance 

degradation [1]. Prognosis approaches discussed by 

Byington et al. [2] can be categorized into three levels: 

experience-based methods, data-based, and model-based. 

As shown in Figure 1, applicability and cost & accuracy 

change respectively per used prognostic methods. 

 
Fig. 1. Classification of prognosis approaches  

 

The direct or indirect measurement of the state of 

degradation represents an important knowledge for the 

prognosis evaluation [3]. The selection of a prognosis 

approach depends mainly on available information about 

the considered system [4]. Formally, the prognosis is 

defined as the ability to predict the lifespan of a system. 

This lifespan indicates the remaining time before the 

system cannot perform its main functions. In the 

considered system, this lifespan figure will be estimated 
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under specific operational conditions and random 

environmental conditions that can cause faults and aging. 

Indeed, a system can be affected by abnormal events 

which accelerate or not it’s aging process, and by such 

means reduce its lifetime [1]. Osterwald and McMahon 

[5] used population data to obtain a distribution model to 

estimate the degradation rate of the PV modules. 

Vazquez and Rey-Stolle also proposed to model the 

power probability density of a PVG with an exponential 

distribution [6]. These authors demonstrated the 

possibility of modeling the data acquired from PVGs by 

means of statistical distributions. In this way, we propose 

an approach to calculate the PVG lifetime by using a 

distribution model developed using actual PVGs data 

series [7]. The proposed approach follows the well-

known approaches by Pan and Crispin [8], Monroe and 

Pan [9] and Wohlgemuth et al. [10], but it uses real data 

series rather than the extracted model from Accelerated 

Life Test (ALT) tests. The following sections relate to 

time series extraction used to calculate PVG lifespan. 

Our study uses monitoring data from two 

photovoltaic plants and their MATLAB/Simulink 

models. For this purpose, we extract meteorological data 

from the PV plants to evaluate the maximum power 

signal by simulation. Then, we propose a reliability 

model to calculate the photovoltaic power plants lifespan. 

This approach is useful for reducing maintenance, and 

allowing optimization of operating conditions. 

 

2. PROPOSED APPROACH 

2.1. Extraction of Time Series 

A statistical analysis method is proposed to use the 

data series extracted by monitoring the PV power stations 

and to confirm the impact of environmental conditions. 

This is a transposition of the data from the monitoring to 

obtain usable statistical series for lifetime determination.  

The statistical series are aimed to be obtained by 

transposing the actually recorded data from the PV 

system into a total that represents surviving or failing 

modules (i.e. statistical series). The model used, 

proposed by Notton et al. [11], provides ideal 

performance in terms of maximal output power without 

considering environmental effects or faults. It follows the 

polynomial form as stated in Equation (1) below [11]: 

 

𝑃 =  𝜂𝑟𝑒𝑓 × 𝐴 × 𝐺 × [
1 − 𝛽𝑟𝑒𝑓 × (𝑇𝑖 − 𝑇𝑟𝑒𝑓) +

𝛾𝑟𝑒𝑓 × 𝑙𝑜𝑔 𝐺𝑖

] (1) 

 

The output power of the PV system is obtained using 

an approach based on the model defined through 

Equation (1) in which faults or aging effects are not 

considered. Obtained outputs with the 

MATLAB/Simulink model are shown in Figure 2 (b) and 

acquired actual weather condition in Figure 2 (a). 

The produced maximal power by each PVG for the 

weather condition (𝑇𝑖  ;  𝐺𝑖) is done by: 

 

𝑃𝑖𝑚𝑎𝑥𝑖𝑚𝑎𝑙__𝑃𝑉_𝑆𝑦𝑠𝑡
= 𝑓(𝑇𝑖  ;  𝐺𝑖)    (2) 

𝑃𝑖𝑚𝑎𝑥𝑖𝑚𝑎𝑙𝑝𝑒𝑟𝑢𝑛𝑖𝑡
=

𝑃𝑖𝑚𝑎𝑥𝑖𝑚𝑎𝑙 _𝑃𝑉_𝑆𝑦𝑠𝑡

𝑁𝑢𝑚𝑏𝑒𝑟𝑖𝑛𝑠𝑡𝑎𝑙𝑙𝑒𝑑𝑚𝑜𝑑𝑢𝑙𝑒𝑠
                         (3) 

 

Considering that the actual power provided by PV 

systems has been obtained from the system’s monitoring 

(Pimeasured_PV_Syst
) and by Equations (2) and (3), then the 

number of instantaneous contributing PVGs (𝑁𝐼_𝐶_𝑃𝑉𝐺) 

can be determined for each of meteorological conditions 

(𝑇𝑖  ;  𝐺𝑖) using:  

 

𝑁𝐼_𝐶_𝑃𝑉𝐺 =
𝑃𝑖𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑_𝑃𝑉_𝑆𝑦𝑠𝑡

𝑃𝑖𝑚𝑎𝑥𝑖𝑚𝑎𝑙𝑝𝑒𝑟𝑢𝑛𝑖𝑡

   (4) 

 

Measured real power divided by maximal estimated 

power per unit, gives the number of instantaneous 

contributing PV modules. Thus, the number of the 

surviving modules (i.e. contributing modules) can be 

found by Equation (4). Compared to the total number of 

installed modules, we can deduct the number of failing 

modules. This method is based on the reliability analysis 

of population under the same operating conditions and 

stress [12]. Indeed, we have a population of identical 

modules affected by the same operating environment 

from the PVG level to the entire photovoltaic plant level. 

With this constraint and by using exactly the same PVGs, 

we can obtain statistical data series in Equation (4).  

Under these two assumptions, a reliability analysis to 

predict PVG lifespan becomes possible. 

 
Fig. 2 (a). Real-time data acquisition for each PV plant 
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Fig. 2 (b). MATLAB/Simulink model adapted for each PV plant 
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2.2. Akaike Information Criterion and Candidate 

Distribution Set 

Akaike information criterion (AIC) is a quality 

measure of statistical models proposed by Akaike [13]. 

This information criterion is based on a trade-off between 

precision and model complexity. It penalizes the model 

according to the number of parameters to satisfy the 

parsimony criterion. This test represents a compromise 

between the bias, which decreases with the number of 

parameters, and the parsimony, that describes data with 

fewest parameters. The interval between data and tested 

model is approximated using Kullback-Leibler 

divergence [13]. This criterion is noted as AIC and 

defined by the following relation: 

 

𝐴𝐼𝐶 = −2 × 𝑙𝑜𝑔(𝐿) + 2 × 𝑘                       (5) 

 

where: L is the maximized likelihood of data and k the 

number of model parameters. 

 From the set of candidate models, the chosen model 

is the one that will have the lowest AIC value. In our case, 

it compares the selected data from Equation (4) with four 

classical distributions (i.e., χ2, Exponential, Beta, 

Weibull) which have known properties [12]: 

 

 χ2  Distribution : 

𝑓(𝑥; 𝑘) =
(

1

2
)

𝑘
2

𝛤(
𝑘

2
)

× 𝑥
𝑘

2
−1 × 𝑒−

𝑥

2   (6) 

 

Where:  k is degrees of freedom, x is for independent 

random variables and   


 
0

1dxxen nx  

 

 Exponential Distribution : 

𝑓(𝑥; 𝜆) = {
0, 𝑥 < 0

𝜆 × 𝑒−𝜆𝑥, 𝑥 ≥ 0
   (7) 

 

With: > 0 : intensity parameter. 

 

 Beta Distribution :  
 

𝑓(𝑥; 𝛼, 𝛽) = {

0, 𝑒𝑙𝑠𝑒

𝑥𝛼−1 × (1 − 𝑥)𝛽−1

∫ 𝑢𝛼−1 ×
1

0
(1 − 𝑢)𝛽−1𝑑𝑢

, 𝑖𝑓 𝑥 ∈ [0,1] 

 (8) 

Where(𝛼, 𝛽) are two positive shape parameters. 

 

 Weibull Distribution:  

 

𝑓(𝑥; 𝛽,) =
𝛽


× (

𝑥


)

𝛽−1

× 𝑒
−(

𝑥


)

𝛽

   (9) 

 

Where (, 𝛽)are shape and scale parameters. 

The Akaike criterion makes it possible to test the 

calculated statistical data series against monitored data, 

to identify the most suitable distribution model. Selection 

will be made among four candidate distribution models 

described by Equations (6), (7), (8), and (9). 

Subsequently, we can extract the parameters of the 

selected model to estimate the lifespan of a PV system 

[12]. 

2.3. Estimation of Distribution Parameters by Maximum 

Likelihood Method 

In this approach, we estimate the parameters of the 

selected distribution model by using the maximum 

likelihood method. It consists of looking for a theoretical 

model that maximizes the probability density of the 

observed data. For example in the case of Weibull law, 

the parametric values that maximize the 

product:∏ 𝑓(𝑥𝑖)
𝑛
𝑖=1  for the n operating times obtained 

from previous series. This method gives us: 

 

𝐿(𝛽,) = ∏
𝛽


× (

𝑥𝑖


)

𝛽−1

× 𝑒
−(

𝑥𝑖


)
𝛽

=𝑛
𝑖=1

 (
𝛽


)

𝑛

𝑒
(− ∑ (

𝑥𝑖


)
𝛽

𝑛
𝑖=1 )

∏ (
𝑥𝑖


)

𝛽−1
𝑛
𝑖=1                (10) 

 

We can maximize this function by maximizing its 

logarithm: 

 

ln[𝐿(𝛽,)] = ln [(
𝛽


)

𝑛

𝑒
(− ∑ (

𝑥𝑖


)
𝛽

𝑛
𝑖=1 )

∏ (
𝑥𝑖


)

𝛽−1
𝑛
𝑖=1 ] 

                               (11) 

 

ln[𝐿(𝛽,)] = 𝑛 × 𝑙𝑛 (
𝛽


) − −𝛽 ∑ 𝑥𝑖

𝛽
+ (𝛽 −𝑛

𝑖=1

1) ∑ 𝑙𝑛 (
𝑥𝑖


)𝑛

𝑖=1                                                         (12) 

 

The estimation of parameters (; β) are finally 

obtained mathematically as follows: 

 

{

𝜕 ln[𝐿(𝛽,)]

𝜕𝛽
 = 0  

𝜕 ln[𝐿(𝛽,)]

𝜕𝛽
= 0

                 (13) 

 

We obtain the two following equations whose 

resolution permits to estimate parameters (; β): 

 

{
𝑛 ×

1

𝛽
−

1

𝛽 × ∑ 𝑥𝑖
𝛽𝑛

𝑖=1 × ln (
𝑥𝑖


) + ∑ ln (

𝑥𝑖


)𝑛

𝑖=1 = 0

−𝑛 ×
1


−

𝛽

𝛽+1 × ∑ 𝑥𝑖
𝛽𝑛

𝑖=1 + (1 − 𝛽) × 𝑛 ×
1


= 0

(14) 

 

This method allows us to obtain the parameters of 

distribution selected in Equation (9) Weibull law section 

and will be used for lifetime determination.  

 

2.4. Lifetime Determination 

The relevance of modeling was established with 

Akaike criterion test which allows selection of the most 

suitable classical law among the available four following 

candidates: χ2, Exponential, β, Weibull [13]. Then, we 

can obtain the lifespan of the PV system according to [12] 

with the following relation: 

 

  







 1

1


tMTTF

 

With :    


 
0

1dxxen nx
                 (15) 
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3. RESULTS AND DISCUSSION 

The proposed methodology, described in Figure 3, is 

applied to determine the lifespan of the PV system using 

monitoring data provided by the International Energy 

Agency report [14]. We have focused on Localnet as 

shown in Figure 4 and Liestal as shown in Figure 5 PV 

plants for the validation of the proposed method. These 

two PV plants were developed using polycrystalline 

technology, whose performances have been monitored 

for 163 months and 155 months respectively as shown in 

Figure 6 and Figure 7. By using polynomial DC power 

model (elaborated through equation (1)) and information 

from the structure of these PV plants in Table 1, we have 

developed a MATLAB/Simulink model without faults 

and aging, which provides the instantaneous maximal 

power for recorded meteorological condition (𝑇𝑖; 𝐺𝑖)[15]. 

In both presented cases, models slightly overestimate 

experimental data with low mean bias error (MBE) and a 

high degree of approximation, low root mean square 

error (RMSE), as shown in Table 2. The accuracy of the 

models shown in Figure 6 and Figure 7 is crucial for the 

determination of the time series. The evolution of blue 

curves (Figures 6 and 7) shows electrical production in 

two different environments. We can see both seasonality 

of solar radiation and the effects of major breakdowns 

that appear during signal monitoring. Our approach 

allows to consider all unfavorable factors together for 

electrical production and calculate PV plant lifetime. 

 
Fig. 3. Flowchart of the evaluation method for PVG 

lifetime 

 

Using the MATLAB/Simulink model shown in 

Figure 2(b) and the recorded actual data for each case of 

the considered PV systems, the number of instantaneous 

maximal contributing modules, 𝑁𝐼_𝐶_𝑃𝑉𝐺is extracted 

through Equation 4.  

 

 

 

Table 1. Data and locations of the two PV plants 

By using Equation 5, the Akaike criterion test permits 

selection among four candidate statistical distributions, 

presented in section II, and then classifies them [16]. 

Table 3 presents calculated values for the four 

distributions. The weakest AIC values are obtained with 

Weibull models.  

Indeed, these two statistical data series for two power 

stations respectively, exhibit similar behavior to Weibull 

distributions, as depicted in Figures 8 and 9. 

 

Table 2. Determination of MBE and RMSE errors. 

Once the model has been chosen, the parameters of 

the two Weibull distributions are extracted for each case. 

Calculated results are presented in Table 4. Finally, the 

life span of PV plants is estimated in real time depending 

on the effects of the environment (aging effects and 

faults). This method depends mainly on data provided by 

the monitoring sensors. As acquisition progresses, it 

becomes more precise. Indeed, the knowledge of the 

remaining lifespan becomes important in the second part 

of the life cycle of PVG, i.e. after 20-25 years. Our 

method with acquired data allows a better knowledge of 

the performance and real-time estimation of PVGs 

lifetime. 

 

Table 3. AIC values for four candidate distributions on 

both sites. 
 

Table 4.  Extraction of Weibull parameters and MTTF 

determination. 

 

 

PV plant Localnet Listal 

 

Types and technologies 

Solarex 

MSX 120 

Poly-Si 

Kyocera 

LA361H51 

Poly-Si 

Latitude 47.06 47.29 

Longitude 7.61 7.44 

Height (meter) 530 327 

The angle of inclination 

(degree Celsius) 

30 30 

Efficiency (%) 10.8 11.67 

Module area (m2) 1.112 0.437 

Number of modules 136 363 

Errors MBE RMSE 

PV plant  in Liestal 0.0016214 0.3773 

PV plant in Localnet 0.0054489 0.2763 

Weibull distribution 

parameters 

Shape 

β 

Scale 

λ 

MTTF 

(months) 

PV plant Localnet 32.62 120.04 118.02 

PV plant Liestal 11.89 250.33 239.81 

Candidates 

distributions 

AIC values 

(Localnet case) 

AIC values 

(Liestalcase) 

β 0.545 3.88 

χ2 614.801 595.95 

Weibull -185.146 -180.582 

Exponential 59.646 100.656 



M. Hassan Ali, A. Mehmood, S. Haddad, Turk. J. Electrom. Energ. 4(1) 3-10 (2019) 

 

8 

 
(a)                                                                         (b) 

Fig. 4. (a) PV plant Localnet, Burgdorf (Switzerland) (b) PV plant EBL Liestal (Switzerland) [14]. 

 

   
Fig. 5. Comparison between measured and estimated power for Localnet PV plant. 

 

 
Fig. 6. Comparison between measured and estimated power for Liestal PV plant. 
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(a)                                                                         (b)  
Fig. 7. Comparison between empirical distribution of  𝑁𝐼_𝐶_𝑃𝑉𝐺 and it's Weibull law for: (a) Localnet / (b) Liestal. 

 

4. CONCLUSION 

In this article, we present an approach to estimate the 

lifespan of a PV system in real time. It is a method based 

on reliability analysis models. First, with the 

MATLAB/Simulink model, we obtained maximal power 

of each considered PVG without considering the effects 

of environmental degradation. Then, by correlating it 

with measured power, we can extract time series 

corresponding to the number of maximal contributing 

PVGs. A Weibull law, validated by Akaike criterion test, 

allows modeling such time series. This criterion is known 

to have a predictive tendency and it allows to our 

approach to anticipating the trend based on current data. 

Subsequently, the parameters are extracted using 

obtained Weibull distributions in each considered case.  

Finally, with these extracted parameters, MTTF can 

be calculated, that would lead to the estimation of 

considered PV system lifetime. Obtained values 

correspond to 118.02 months (9.83 years) for Localnet 

site and to 239.81 months (19.9 years) for Liestal site. 

They correspond to the assertion of manufacturers who 

foresee a maximum lifetime of 264 months. Lifetime 

results come from truncated data, limited to data already 

acquired. This can limit the method accuracy. 

Furthermore, occurrences of serious faults can reduce 

this expected lifetime, as for Localnet, to less than half 

duration. However, this approach makes it possible to 

evaluate in real time impacts of environmental conditions 

and degradations from operating conditions on a PV 

system lifetime. 

 

Appendix 

AIC Akaike criterion test 

PV         Photovoltaic 

PVG Photovoltaic generator 

DOF  Degrees of freedom 

MBE      Mean bias error 

MTTF    Mean time to failure 

RMSE    Root mean square error 

𝜂𝑟𝑒𝑓 Efficiency of the module at reference 

 temperature 𝑇𝑟𝑒𝑓  

𝑇𝑟𝑒𝑓  Reference temperature (25 °C). 

𝛽𝑟𝑒𝑓        Temperature coefficient at reference 

 temperature 𝑇𝑟𝑒𝑓  (°C-1) 

𝛾𝑟𝑒𝑓  Absorption coefficient at reference  

 temperature 𝑇𝑟𝑒𝑓  

𝐴 Module Area (m2). 

𝑇𝑖  Measured instantaneous temperature (°C). 

𝐺𝑖  Measured instantaneous irradiance (W.m-2). 
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