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Abstract — The performance of a photovoltaic (PV) system is highly affected by different types of power losses which are 

incurred by electrical equipment or altering weather conditions. In this context, an accurate analysis of power losses for a PV 

system is of significant importance. Hence, the systematic calculation of the PV system power losses based on recorded data of 

the main electrical and meteorological parameters is investigated in this paper. The proposed approach for power losses calculation 

investigates both array capture losses (e.g. losses resulted from cell temperature, soiling, low irradiance, snow cover, mismatching, 

and module quality degradation) and system losses (e.g. losses resulted from cabling, inverter, etc.). Moreover, according to the 

best of our knowledge, the paper proposes for the first time in the literature the modeling of all types of losses based on 

computational intelligence techniques. The proposed models can predict the future daily values for each type of loss solely based 

on the main meteorological parameters. The proposed losses calculation approach is applied to 8 years of recorded data for a 1.44 

kWp rooftop PV system located in Denver, CO. Several prediction models are built based on the calculated values of the losses. 

The models are not only validated on the PV system itself, but also on another PV system with different electrical characteristics 

in Las Vegas, NV. As the results show, the loss prediction models developed in this paper perform accurately for the main PV 

system and are also applicable to other PV systems.  

 

Keywords — Computational intelligence, energy conversion analysis, performance evaluation, PV losses modeling. 

 

1. INTRODUCTION 

Over the past few years, the number of photovoltaic (PV) installations has increased significantly. This has not only happened 

in areas with high levels of solar radiation but also in cold snow-prone areas. Technology improvement and price reduction of PV 

arrays are two key factors in making them a more attractive option for investors in the field of renewable energy resources. This is 

the reason why PV systems are being increasingly utilized not only in large scale in the form of PV farms but also in small scale, 

as rooftop installations. Nevertheless, the efficiency of PV systems and the affordability of their deployment regarding power 

losses incurred to the system by different factors have always been a major challenge for the investors. 

The performance of a PV system depends on different types of power losses which can reduce the overall power production of 

the system. These losses can be categorized into two major groups, including PV array capture losses and system losses. The array 

capture losses are associated with the array side, for example the attenuation of the incoming light (soiling, snow cover, shading, 

reflection, etc.), temperature dependence, electrical mismatching, and parasitic resistances in PV modules. System losses are 

caused by the conversion system, for instance, wiring, inverters, and transformers [1]. The amounts of these losses depend not only 

on the efficiency of the PV arrays and the electrical equipment but also on the weather conditions and meteorological parameters 

in the location of the system installation. Therefore, analyzing the performance of a PV system in terms of various types of power 

losses is of significant importance from operational and planning viewpoints. In addition, the possibility to know the current 

amounts of losses and have available an estimation of the future values of these losses can help the PV system owners to have a 

clear perspective on the long-term operation of the system and plan for maintenance or other solutions. 
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Nomenclature MT, PT Measured and predicted target values 

Symbols-PV Losses Calculation N Number of data points 

CTemp Temperature coefficient (1/˚C) PErrP Predicted error of prediction 

C, a Coefficients of MPP    

G POA irradiance (W/m2) Symbols-Long Short-Term Memory Model 

GSTC Irradiance at STC (W/m2) c, ĉ Cell state and candidate cell state 

k Boltzmann constant (J/˚C) igate, fgate, ogate Input gate, forget gate, and output gate outputs 

KIm, KVm Coefficients of temperature (%/˚C) x, h Input and output of blocks 

Ns Number of PV cells in series σ Sigmoid function 

PInv Loss Inverter power loss (W) ω, b Weights and biases of gates 

PInv Input Inverter input power (W)   

PInv Output Inverter output power (W) Subscripts 

PDC Cabling Loss DC cabling loss (W) t Time 

PTemp Loss Temperature loss (W) i Data point 

PSTC PV Maximum power at STC (W)   

PTotal DC Loss Total DC side power losses (W) Abbreviations 

PExp
DC Expected DC power of system (W) ANN Artificial Neural Network 

PR Performance ratio CUSUM Cumulative Sum 

q Electron charge (C) GBT Gradient Boosted Tree 

Qdeg Module quality degradation coefficient GAF Gate Activation Function 

Tc PV module temperature (˚C) LSTM Long Short-Term Memory 

T Time horizon of the study MPP Maximum Power Point 

Vm, Im Maximum array voltage, current (V, A) MPPT Maximum Power Point Tracking 

Vdc,mes, Idc,mes Measured DC voltage, current (V, A) NHU Number of Hidden Units 

Vmo , Imo Voltage, current in MPP (V, A) PV Photovoltaic 

ΔVdc Voltage difference over DC wiring (V) PM Particulate Matter 

  POA Plane-of-Array 

Symbols-Gradient Boosted Tree Model STC Standard Test Condition 

ErrP Error of prediction SAF State Activation Function 

LR Learning rate RMSE Root Mean Squared Error 

 

PV system power losses calculation and the use of computational intelligence/machine learning techniques for modeling some 

particular types of the power losses in PV systems have been investigated in a good number of papers in the literature. A brief 

review of some of the publications on the topic, based on an extensive literature review, is presented in Table 1 and discussed in 

the following paragraphs to better illustrate the state of the art as well as the remaining challenges and opportunities in this research 

field. 

Performance metrics such as performance ratio and efficiency have been widely used in the literature to present the effects of 

the total power losses in PV systems. The authors of [2] evaluate the annual performance loss rates of five different grid-connected 

PV technologies based on historical data of field measurements in Italy, Cyprus, and Australia. In [3], the power output, efficiency, 

and relative efficiency losses are calculated and compared for five different types of PV modules based on monitored data collected 

in a temperate mountain climate. The authors investigate the influence of the high relative air humidity on the PV conversion 

efficiency during time intervals with a clear sky and low amounts of incident solar irradiance.  

Some papers only investigate the array capture losses and system losses and do not go further into details. In [4], the performance 

of a 1.72 kWp PV system in Ireland is studied. The monthly and annual values of the final yield, reference yield, array yield, 

system losses, array capture losses, cell temperature losses, PV module efficiency, system efficiency, inverter efficiency, 

performance ratio, and capacity factor are calculated for the system. The array capture losses and the system losses together with 

some other performance measures for a 2.07 kWp PV system in Norway are calculated in [1]. In [5], the experimental results on 

the performance of a 302.4 kWp grid-connected PV power plant in Djibouti operating under dusty, desert maritime climate 

conditions are provided. The daily performance metrics including the reference yield, array yield, final yield, performance ratio, 

system losses, and array capture losses are calculated in this study. The paper also provides a quantitative estimate of losses due to 

soiling. The authors of [6] evaluate the performance of an 11.2 kWp grid-connected PV system in India in terms of PV module 

efficiency, array yield, final yield, inverter efficiency, performance ratio, capture losses, and system losses. The performance ratio, 

system losses, and array capture losses of a 1 kWp PV system in Poland is investigated over a year in [7], while in [8], the 



 3 

performance of a standalone PV system in a remote island in China is studied in terms of the performance ratio, efficiency of 

panels and inverter, array capture losses, and system losses using 2 years of recorded data. 

PV simulation computer software is used in some papers to obtain the values of different types of losses in PV systems. PVsyst 

software, a software package developed by the Energy Group at the University of Geneva in Switzerland, is utilized in [9] and [10] 

to analyze the performance and the power losses of PV systems under study. TRNSYS software is another tool used in [11] to 

analyze the performance of a 7.2 kWp PV system. The authors of [12] investigate the performance of a 960 kWp PV system in 

terms of the monthly average of the energy yields, losses, and efficiency using both System Advisor Model and PVsyst software. 

The performance parameters of a rooftop PV system are measured and analyzed in [13] by using two software tools including 

PVsyst and HelioScope.  

Some papers propose approaches for calculating one particular or multiple types of power losses as part of array capture or 

system losses based on monitored field data. The authors of [14] mainly focus on soiling (dust) effects on the PV yield by testing 

a PV system installed near a mine in a dry area. They propose a framework which works by dividing the real data and the ideal 

data into daily frames and assessing the frames considering the effects of daily cloud and rain level. A model for calculating the 

soiling losses of PV panels is presented in [15], which uses ambient airborne particulate matter (PM) concentrations, both PM10 

and PM2.5, the tilt of the PV array including if the array is tracking, and rain data to estimate soiling losses over time. In [16], a 

method for calculating PV yield reduction due to dust deposition on the surface of panels is proposed based on optical analysis. 

The calculation is carried out based on the changes in daily PM10 and rainfall. In [17], a method termed the stochastic rate and 

recovery (SRR) method is proposed for estimating the soiling losses directly from the PV yield without the need for precipitation 

data. The method automatically detects soiling intervals in a dataset, then stochastically generates a sample of possible soiling 

profiles based on the observed characteristics of each interval.  The authors of [18] present analytical expressions for the annual 

energy losses on DC and AC cables, the annual energy losses on step-up transformers, and the optimum transformer size for fixed-

mounted PV plants of any size. The sophisticated verification (SV) method developed in [19] can estimate six types of loss rates 

(shading effect, losses due to incident angle, load mismatch, efficiency decrease by temperature, inverter losses, and other losses) 

using system specifications, such as latitude, longitude, inclination angle, azimuth, system rating, temperature coefficient, and 

measured operational data (inclined-plane irradiation, array output, system output, and module temperature). The authors of [20] 

conduct a performance and loss analysis for residential PV systems using the SV method. The performance of different system 

configurations is quantitatively investigated and compared by providing annual ratios of different losses. In [21], one hundred and 

two environmental and meteorological parameters are selected and their effects on the performance of 20 soiling stations installed 

in the USA are investigated to determine their effectiveness in predicting the soiling losses in PV systems. Considering the 

significance of both particulates and rainfall in predicting soiling ratios and soiling rates, a two-variable regression model is 

proposed in this paper. The authors of [22] propose a snow loss model based on identifying the presence of new snow, when snow 

slides down, how far the snow slides, and the extent of snow coverage on the PV arrays which estimates PV system performance 

losses from snowfall. A continuous non-linear method is presented in [23] to model array long-term performance for six PV arrays 

in Italy, China, Brazil, and Switzerland. The proposed performance degradation is obtained using three continuous non-linear 

functions of time which allows considering the effects of different degradation factors including light-induced degradation. 

Modeling of the PV system power losses using computational intelligence methods is a reliable solution to tackle the complexity 

of classical calculations. These models can also be used to predict the future values of the losses based on simple input data. The 

authors of [24] describe a method for creating a dataset of the power loss under shade conditions and investigating the logic behind 

the selection of the scenarios. An artificial neural network model is then proposed for estimating the shading loss. The ratio of the 

array area covered by shade to the total array area, the ratio of diode-protected cell strings impacted by shade to the total number 

of cell strings in the system, and the ratio of module strings impacted by shade to the total number of parallel module strings in the 

system are the features of the model. The normalized power from the 2-diode model is the target. An artificial neural network 

approach is proposed in [25] for modeling the relationship between environmental variables and daily change in the Cleanness 

Index, which is a measure of the performance loss due to the soiling of PV modules. Ambient dust mass concentration (PM10), 

wind speed, wind direction, ambient temperature, and relative humidity are used as inputs in this study. In [26], an artificial soiling 

experiment is applied to a PV panel using five soil samples collected from five different locations in India. Then, a regression 

model is developed to analyze the particle size influence on the soiling loss. An artificial neural network model is also built based 

on the experimental data to predict the power loss at various levels of irradiance. The authors of [27] investigate the effect of 

soiling on the performance of large-scale PV plants by comparing the power output of the system before and after clean-ups. Then, 

Bayesian neural network-based models are proposed and compared with the well-known regression method to model this effect. 

A method for calculating the snow loss of PV systems is presented in [28]. Different techniques such as artificial neural networks, 

support vector machines, regression trees, etc. are then developed to predict the snow loss of PV systems.  
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TABLE 1. LITERATURE REVIEW ON PV SYSTEM PERFORMANCE ANALYSIS AND ARTIFICIAL INTELLIGENT-BASED MODELING (DEVELOPED BY THE AUTHORS)  

 Reference System Size Location Data over 
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[2] Ingenhoven 
et al. (2019) 

1-7 kWp 
(5 systems) 

Italy, 

Cyprus, 

Australia 

4-8 years *          
Using time series decomposition 
method 

[3] Burduhos 

et al. (2018) 

80-250 Wp 

(5 panels) 
Romania 4 months *          

Influence of high humidity on 

efficiency and relative efficiency loss 

[4] Ayompe et 

al. (2011) 
1.72 kWp Ireland 1 year * * * *       Using classical calculations  

[1] Adaramola 

et al. (2015) 
2.07 kWp Norway 1 year * * *        Using classical calculations 

[5] Daher et al. 

(2018) 
302.4 kWp Djibouti 4 years * * *    *    

Performance metrics under dusty, desert 

maritime conditions 

[6] Sharma et 

al. (2017) 
11.2 kWp India 1 year * * * *       Using classical calculations 

[7] Pietruszko 

et al. (2003) 
1 kWp Poland 1 year * * *        Using classical calculations 

[8] Ma et al. 

(2017) 
19.8 kWp China 2 years * * *        Using classical calculations 

[9] Okello et 

al. (2015) 
3.2 kWp 

South 

Africa 
1 year * * * *   *    Simulating in PVsyst software 

[10] Kumar et 

al. (2019) 
200 kWp India 1 year * * * * * *   * * 

Simulating in PVsyst software. 

Methodology/formulations are missing. 

[11] Quesada 

et al. (2011) 
7.2 kWp Spain 

26 

months 
*          Simulating in TRNSYS software 

[12] Malvoni 

et al. (2017) 
960 kWp Italy 

43 

months 
* * * *      * 

Simulating in System Advisor Model 

and PVsyst software 

[13] Goel et al. 
(2020) 

11.2 kWp India 1 year * * * * * * *    
Simulating in PVsyst and HelioScope 
software. Daily values are missing. 

[14] Zapata et 

al. (2015) 
310 kWp Chile 1 year       *    

Evaluating sources of yield variability 

(focusing on soiling and cleaning prog.) 

[15] Coello et 
al. (2019) 

(7 systems) U.S. 1 year       *    
Demanding data of particulate matter 
concentrations to estimate soiling losses 

[16] Liu et al. 

(2019) 
2.08 kWp China 40 days       *    

Demanding data of particulate matter 

concentrations to estimate soiling losses 

[17] Deceglie 
et al. (2018) 

(11 systems) U.S. 
226-1063 
days 

      *    
Proposing stochastic rate and recovery 
(SRR) method 

[18] Malamaki 

et al. (2014) 

1003.52 and 

491.4 kWp 
Greece 2 years  *   *      

Addressing annual transformer losses 

and optimum transformer size 

[19] Oozeki et 
al. (2003) 

70 kWp and 
421 systems 

Japan 2-4 years * * * *  * *    
Addressing shading (not soiling) losses. 
Proposing SV method 

[20] Ueda et 

al. (2009) 

(553 roof-top 

systems) 
Japan 1 year * * * * * * *  * * 

Analyzing PV configurations using SV 

method (providing only annual ratios) 

[21] Micheli et 
al. (2017) 

(20 systems) U.S. 
7-40 
months 

      *    
Studying 102 environmental & climate 
parameters to predict soiling losses 

[22] Marion et. 

al. (2013) 

5.6-200 kWp 

(6 systems) 
U.S. 2 years        *   

Identifying the presence of new snow, 

snow sliding down, and snow coverage 

[23] Abenante 
et al. (2020) 

(6 panels) 
China, 
Italy etc. 

40 years 
(samples) 

*         * 
Presenting performance degradation 
using continues non-linear functions 
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 [24] Meyers et 

al. (2016) 
2.68 kWp  - -       *    

Proposing ANN model to estimate 
shading losses 

[25] Javed et 

al. (2017) 
1.76 kWp Qatar 

30 

months 
      *    

Proposing ANN model to estimate 

Cleanness Index due to soiling 

[26] Pulipaka 

et al. (2016) 
- India -       *    

Proposing ANN model to estimate 

soiling loss 

[27] Pavan et 

al. (2013) 

1 MWp 

(2 systems) 
Italy 8 weeks       *    

Proposing Bayesian NN model to 

estimate soiling losses 

[28] Hashemi 

et al. (2020) 
500 kWp Canada 4 years        *   

Proposing ANN, LSTM, SVR, GBT, 

etc. models to estimate snow loss 

Current work 1.44 kWp U.S. 8 years * * * * * * * * * * 
Calculating daily and monthly losses. 

ANN and GBT models for each loss. 
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While the calculation of various performance metrics, array capture losses, system losses, and their different subsets is addressed 

widely in the literature for PV installations in different climatic conditions, there is no work that investigates all types of power 

losses (including snow loss) together for a PV system in a snow-prone area by presenting a clear calculation approach based on 

historical field data. As well, while computational intelligence/machine learning techniques have been used extensively to model 

PV system power generation or some particular types of PV system power losses, to the best of our knowledge, there is no work 

in the literature that implements computational intelligence techniques for modeling all different types of PV system power losses 

together based on meteorological parameters. 

To address these limitations of the current state of the art, in this paper, we develop a systematic approach for PV system power 

losses calculation. This approach can extract and calculate the amounts of different types of power losses in a PV system based on 

the monitored field data of the main electrical parameters and some meteorological parameters measured at the PV site. Both array 

capture losses (including temperature loss, mismatching and soiling losses, low irradiance, spectral, and reflection losses, module 

quality degradation, and snow loss) and system losses (including inverter loss, cabling loss, inverter power limitation loss, and 

MPPT losses) are analyzed in detail in the proposed approach. The overall performance together with the power losses of a 1.44 

kWp rooftop PV system located in Denver, CO, are investigated by applying the proposed approach to the system’s historical data 

recorded over an 8-year period. A novel approach of modeling each type of PV system power loss and performance based on 

computational intelligence techniques is also proposed and introduced as a promising solution to tackle the complexity of classical 

calculations. The proposed models, which are more comprehensive and more generalizable due to the large amount of data used 

to train them, can predict the future values of the losses only based on the main meteorological parameters. To this end, two widely-

used and well-performing computational intelligence techniques including gradient boosted tree (GBT) and long short-term 

memory (LSTM) network are used to build the prediction models for each type of loss. The performance of the proposed models 

is then validated on the calculated power losses of the roof-top PV system. In addition, the prediction models are applied to another 

PV system with different technical characteristics in different climatic conditions to evaluate whether the models developed for a 

system are applicable for another one or not. The main contributions of the paper are as follows: 

1. Developing a novel systematic approach for detailed power losses calculation for PV systems based on monitored field 

data; 

2. Proposing a novel comprehensive and generalizable computational intelligence approach for modeling each type of PV 

system power loss that is capable to predict the future values of the losses using the main meteorological parameters; 

3. Validating the performance of the developed prediction models in case of a PV system with different technical specifications 

and on-site climatic conditions, so that it could offer a guide to evaluate the performance of a PV farm subjected to specific 

weather conditions and to take necessary measures for the maintenance tasks of equipment/software used in the PV farm 

for instance, inverters, cables, PV modules, and MPPT controllers. 

The rest of the paper is organized as follows. Section II is devoted to the data preparation process and the proposed PV system 

power losses calculation approach. Section III introduces the computational intelligence modeling of the losses using 

computational intelligence techniques. The numerical results of the prediction models’ performance are presented in Section IV. 

Finally, the conclusions are presented in Section V.  

2. PV SYSTEM DATA PREPARATION AND POWER LOSSES CALCULATION APPROACH 

The PV system under study is a rooftop installation located in Denver, Colorado. The historical data of the main electrical and 

meteorological parameters of the system over an 8-year period from July 2012 to Dec. 2019 is extracted from the website of the 

National Renewable Energy Laboratory (NREL) [29]. This system consists of 18 panels tilted at 40°, produced by Shell Solar 

company. The panel type is “Eclipse 80” and the nominal output power of each one is 80 W. Hence, the nominal output power of 

the overall system is 1440 W. The manufacturer of the inverter used in this system is SMA Solar Technology. The extracted dataset 

consists of the measured values of the main parameters including AC current (A), AC voltage (V), and AC power (W) in the output 

side of the inverter, DC current (A), DC voltage (V), and DC power (W) in the input side of the inverter, ambient temperature (°C), 

module temperature (°C), and plane-of-array (POA) irradiance (W/m2). The measurements are taken every minute. In addition, the 

daily values of the snowfall, snow depth, and average wind speed near the PV site are extracted from the website of the National 

Ocean and Atmospheric Administration (NOAA) [30]. 

As the first step of the data preparation, the available data was observed using visualization tools and the outliers, as records that 

differ largely from the norm of the data for a specific parameter, were detected and removed from the dataset. Then, the incorrect 

data were recognized according to the nature, the normal values, and the acceptable range of the variations over time and finally 

omitted. Cumulative sum (CUSUM) control charts were used for this purpose which not only detect incorrect data but also shifts 

in the mean of the parameter [31]. Moreover, there were many missing values in the dataset; as such, some days or even months 
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were without recorded measurements and hence, eliminated from the final dataset. After applying the data cleaning process, the 

total number of the data points in the main dataset is 3,608,818 (minutes of recorded measurements of the parameters). 

Calculating the values of different types of losses for a PV system based on a historical dataset of the aforementioned electrical 

and meteorological parameters needs a systematic approach to achieve as accurate results as possible. Hence, a systematic PV 

system power losses calculation approach is presented in this paper which provides an estimation of the various types of losses in 

the system based on a dataset of the main parameters. The block diagram of this approach is shown in Fig. 1. Each block of the 

diagram is described in the following subsections. 

 

Fig. 1.  The block diagram of the proposed approach of PV system power losses calculation (developed by the authors). 

2.1. Inverter Loss 

Inverters convert DC power provided by arrays of PV modules to AC power compatible with the utility power grid. The inverter 

loss contains the switching and the ohmic losses in the switching devices through which PWM techniques are applied to the 

inverter. The inverter loss can be obtained using the following equation:  

   Inv Loss Inv Input Inv OutputP P P= −                             (1) 

where PInv Loss, PInv Input, and PInv Output are the power loss, the input power (DC side), and the output power (AC side) of the inverter, 

respectively. For the system under study, the values of the inverter loss have been calculated for each data point and averaged over 

each hour. Then, the daily and the monthly values of the inverter loss have been obtained by adding all the hourly values over each 

day (total of 2502 days) and month (total of 87 months), respectively. The line graphs of the daily inverter loss and the monthly 

percentage of the inverter loss over the 8-year period under the study are shown in Fig. 2 (a) and (b), respectively. As one can 

notice, the inverter loss has a greater value in summer in comparison to winter. 
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(a) (b) 

Fig. 2.  Line graphs of (a) the daily inverter loss and (b) the monthly percentage of the inverter loss over the 8-year period for the PV system in Denver 

(developed by the authors). 

2.2. Inverter Power Limitation Loss 

Today’s PV systems typically show an inverter being underrated with respect to the installed module power. This design option 

is chosen intentionally, as a PV generator rarely operates at its nominal power. However, under some cold and sunny conditions, 

the inverter might limit the system output power. By investigating the dataset of the PV system under study, it has been found that 

the value of this type of power loss is zero and the power limitation by the inverter never happened over the 8-year period. 

2.3. DC and AC Cabling Losses 

The DC wiring losses cannot be directly calculated for the system under study since only the inverter-side measurements are 

available. Hence, a technique is developed to estimate the DC wiring losses of the PV system. The inverter used in the system 

includes a maximum power point tracker (MPPT) within its controller to track the maximum power point of its input. For a given 

temperature and insolation level, the maximum output current (Im) and voltage (Vm) of a PV array can be estimated as follows [32]: 

2

0 1( / ( / ) ) ( ( 25))m STC STC mo Im cI C G G C G G I K T= +  + −                             (2) 

2

3

2

( ln( / ))
ln( / ) ( / )( 25)t STC

m mo t STC Vm STC c

s

C aV G G
V V C aV G G K G G T

N
= + + + −                     (3) 

where Vt=NskTc/q, k=1.3806503×10-23 J/˚C is the Boltzmann constant, q=1.60217646×10-23 C is the electron charge, and Tc and 

G are the PV module temperature in ˚C and POA irradiance in W/m2, respectively. GSTC is the irradiance at the standard test 

condition (STC) equal to 1000 W/m2. Other parameters of the model are extracted from the manufacturer’s datasheet and shown 

in Table 2 [33]. The potential difference over the DC wiring (ΔVdc) is calculated by subtracting the measured DC voltage from the 

calculated maximum power point voltage as follows: 

,dc m s dc mesV V N V =  −                              (4) 

where Vdc,mes is the measured DC voltage at the input of the inverter. The DC voltage and the DC current at the input side of the 

inverter are available from the dataset. The DC cabling loss (PDC Cabling Loss) can be then estimated as follows: 

,  dc dc mesDC Cabling Loss

m m deg

V I
P

V I Q

 
=

 
                            (5) 

where Idc,mes is the measured DC current at the input of the inverter. Qdeg is a coefficient to represent the quality degradation of the 

PV modules. Several data points of the dataset are examined in the aforementioned methodology to obtain an average value for 

the DC cabling loss which is around 1% of the measured DC power. The line graphs of the daily DC cabling loss and the monthly 

percentage of the DC cabling loss over the 8-year period are shown in Fig. 3 (a) and (b), respectively. Since the PV system under 

study is a small-scale rooftop system, the DC cabling loss is relatively small compared to that of large-scale PV farms. The AC 

cabling loss cannot be calculated using the available dataset under study since we do not have the data for the input/output current 

and voltage of the final step-up transformer.  
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TABLE 2. PARAMETERS OF THE DC CABLING LOSS CALCULATION FOR THE PV SYSTEM IN DENVER [33] 

Parameter Value Parameter Value 

a 1.452 KVm -0.42 %/˚C 

C0 1.002 KIm -0.09 %/˚C 

C1 -0.002 Ns 7 

C2 -0.5279 Vmo 33.2 V 

C3 -9.615 Imo 2.41 A 

 

 

 

(a) (b) 

Fig. 3.  Line graphs of (a) the daily DC cabling loss and (b) the monthly percentage of the DC cabling loss over the 8-year period for the PV system in Denver 

(developed by the authors). 

2.4. Temperature Loss 

The temperature of PV panels depends on several factors such as ambient temperature, irradiance level, and wind speed. The 

operating temperature plays a key role in the PV conversion process. Both the electrical efficiency and the power output of a PV 

module depend on the operating temperature. The performance of solar cells decreases significantly as the temperature increases. 

On the contrary, lower temperatures are known to improve the efficiency of the PV modules. The power generation variation due 

to temperature also depends on the type of the solar panel. Losses caused by the temperature (PTemp Loss) are calculated as follows 

[4]:  

 (25 )Temp Loss

STC deg Temp c

STC

G
P P Q C T

G

 
=     − 

 
                            (6) 

where PSTC is the maximum power of the PV system at STC and CTemp is the temperature coefficient. Therefore, temperature losses 

will be positive when the module temperature exceeds 25˚C; otherwise, the losses are negative. The line graphs of the daily 

temperature loss and the monthly percentage of the temperature loss for the PV system under study over the 8-year period are 

shown in Fig. 4 (a) and (b), respectively. As can be observed, the temperature loss is negative or close to zero in winter while it 

has a large positive value in summer. 

 

 

(a) (b) 

Fig. 4.  Line graphs of (a) the daily temperature loss and (b) the monthly percentage of the temperature loss over the 8-year period for the PV system in Denver 

(developed by the authors). 

2.5. Module Quality Degradation 

The quality of PV panels decreases over time. According to the datasheet of the panels under study, a power output warranty of 

90% of the nominal output power rating during the first ten years and 80% during twenty-five years is ensured. The manufacturer 

ensures 97% of the rated power in the first year and a reduction of -0.7%/year through year 25. Thus, a linear performance curve 

can be represented for the quality degradation of the PV modules. The historical data available on the website of NREL for the PV 
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system under study contains measurements from 2006. Hence, it is assumed that this PV system is installed in 2006 and the quality 

degradation factors for the years 2012 to 2019 will be 92.8%, 92.1%, 91.4%, 90.7%, 90%, 89.3%, 88.6%, and 87.9%, respectively. 

2.6. Estimation of Mismatch Losses (Including Shading) and Soiling Losses (Including Snow) 

Mismatch losses are caused by the interconnection of solar cells or modules which do not have identical properties or experience 

different conditions from one another. In fact, the output of the entire PV module under worst-case conditions is determined by the 

solar cell with the lowest output. This mismatch can be caused for instance by partial shading of the modules. Moreover, the effect 

of dust, pollen, snow, and other contaminant accumulation on PV modules, commonly referred to as soiling, is an important 

environmental factor that causes reduced energy generation of PV systems. As the mismatch and soiling losses cannot be directly 

calculated from the available dataset, a methodology is developed to estimate these losses. The methodology developed in this 

paper is described in the following steps: 

Step 1) The expected DC side power is calculated for each data point using the available dataset and the effects of the module 

quality degradation and the temperature loss are applied. Then, the total DC side energy losses without the quality degradation and 

the temperature losses are obtained as follows [34]: 

( )    1 (25 )Total DC Loss Inv Input Exp Inv Input

DC STC deg Temp c

STC

G
P P P P P Q C T

G

  
= − = −    −  −   

  
                (7) 

where PTotal DC Loss, PInv Input, and PExp
DC are the total DC side power losses, the measured power at the DC side of the inverter, and 

the expected DC power of the system, respectively. 

Step 2) A technique is developed to obtain the losses due to low irradiance, spectral, and reflection effects. PV modules respond 

only to a restricted range of wavelengths, limited at long wavelengths by the material bandgap, and at short wavelengths by material 

absorption. Reflection or optical losses mean that some parts of the light are reflected by the surface of PV panels and therefore 

cannot contribute to the photo-current production. Hence, at low irradiance levels, the efficiency of the PV module is significantly 

lower than at STC. This effect can be simply observed by visualizing the values of the total DC side losses and the irradiance for 

a sunny day which is indicated in Fig. 5 for a typical day. To estimate the losses due to low irradiance, spectral and reflection 

effects, the following procedure is developed.  

#1) The average value of the total DC side losses on several sunny days (i.e. when irradiance is between 800 and 1000) is 

calculated. 

#2) The difference between this average value and the total DC side losses in low irradiance levels likely represents the low 

irradiance, spectral, and reflection losses. 

For the system under study, these losses occur at irradiance levels lower than 600-800 W/m2. By doing the calculation for some 

selected days, it has been found that these losses account for around 3.5% of the measured DC power.  

 

Fig. 5.  Graph of the irradiance (area graph) and the total DC-side losses (line graph) on a given sunny day (10/07/2019) for the PV system in Denver (developed 

by the authors). 

Step 3) The DC cabling loss and an estimation of the MPPT losses are also considered. Malfunction of the MPPT controller can 

lead to considerable losses. These losses depend on the type of the MPPT controller incorporated in the control system of the 

inverter and cannot be directly calculated from the available dataset. According to different references [35] [36], total MPPT losses 

of 1.5% could be considered. 

Subtracting the losses calculated in step 2 and step 3 from the losses obtained in step 1 represents the mismatch and soiling 

losses. By applying the aforementioned procedure to the dataset under study, the values of the mismatch and soiling losses have 

been calculated and the daily values of the losses for the 8-year period are indicated in Fig. 6. In fact, this is the total mismatch and 

soiling losses which include shading, dust, dirt, and snow losses. 
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Fig. 6.  Line graph of the daily mismatch and soiling losses over the 8-year period for the PV system in Denver (developed by the authors). 

2.7. Snow Loss 

The accumulated snow/ice on the modules has a negative effect on the PV system performance and decreases the output power. 

This power reduction, which is referred to as snow loss, cannot be directly calculated from the dataset under study. To estimate 

the snow loss, the average value of the mismatch and soiling losses are obtained during months without snow. The comparison 

between the mismatch and soiling losses when there are snowfalls and the aforementioned average value for the months without 

snow can be considered a measure of the snow loss. Moreover, the daily values of the snowfall and the snow depth near the location 

of the PV system are used to ensure that the obtained snow loss values really correspond to the snow cover on the surface of the 

panels. The line graphs of the daily snow loss and the monthly percentage of the snow loss for the system under study over the 8-

year period are shown in Fig. 7 (a) and (b), respectively. As can be seen, the snow loss rarely has a positive value during a year 

since it depends on snowfall events; however, it has larger peaks compared to other types of losses.  

 

 

(a) (b) 

Fig. 7.  Line graphs of (a) the daily snow loss and (b) the monthly percentage of the snow loss over the 8-year period for the PV system in Denver (developed by 

the authors). 

In order to obtain the mismatch and soiling losses without the snow loss, we can simply subtract the snow loss values from the 

total mismatch and soiling losses. The daily values and the monthly percentage of the mismatch and soiling losses without snow 

loss for the system under study are shown in Fig. 8 (a) and (b), respectively. For the system under study, this type of loss has had 

an increasing trend in the last years of operation.   

 

 

(a) (b) 

Fig. 8.  Line graphs of (a) the daily mismatch and soiling losses without snow and (b) the monthly percentage of the mismatch and soiling losses without snow 

over the 8-year period for the PV system in Denver (developed by the authors). 

2.8. Performance Ratio 

The performance ratio (PR) measures how effectively the system converts sunlight collected by the PV panels into AC energy 

delivered to the grid. In fact, this metric quantifies the overall effect of different losses. The PR is the ratio of the electricity 

generated to the electricity that would have been generated if the system consistently converted sunlight to electricity at the level 
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expected from the DC nameplate rating, and can be obtained as follows [4]:  

 
T

Inv Output

t

t

T
t

STC

t STC

P

PR
G

P
G

=
  

   
  





                             (8) 

where T is the period over which the PR value is calculated. The values of the daily and the monthly PR have been calculated for 

the system under study over the 8-year period and are indicated in Fig. 9 (a) and (b), respectively. As can be seen, PR has had a 

decreasing trend over the period under study so that it has dropped from about 0.65 in the first years to about 0.55 in the last years. 

Moreover, the daily PR has been highly affected by snow loss in winter. 

 

 

(a) (b) 

Fig. 9.  Line graph of (a) the daily and (b) the monthly PR values for the PV system in Denver (developed by the authors). 

Finally, the average annual percentages of different types of losses (from the expected PV yield) for the PV system under study 

have been calculated and are illustrated in Table 3.  

TABLE 3. AVERAGE ANNUAL PERCENTAGES OF DIFFERENT PV SYSTEM LOSSES FOR THE PV SYSTEM IN DENVER (DEVELOPED BY THE AUTHORS)  

Technical Losses Values 

Temperature losses 5.7 % 

Module quality degradation From the datasheet 

Low irradiance, spectral, and reflection losses 3% 

Electrical mismatch (including shading) and soiling losses (including dirt, dust, …) without snow 7.5% 

Snow loss 2.9% 

MPPT losses 1.3% 

DC cabling losses (including wiring, connections, and parasitic resistances) 0.9% 

Inverter loss 15.4% 

Performance Ratio 0.6 

3. INTELLIGENT MODELING OF PV SYSTEM LOSSES  

As described in section II, the performance of a PV system depends on different types of electrical losses which are mainly 

categorized into array capture and system losses. In fact, these losses are very complex in nature and the values of each one depend 

on many electrical and meteorological factors among which some may not be available or cannot even be normally measured. Not 

only the data availability is the main issue in calculating the accurate values of each type of loss in a PV system, but also a very 

comprehensive analysis is required to extract the exact values of each one from the total calculated losses. In order to cope with 

this complexity and provide a reliable solution for obtaining a fair estimation of the future values of the losses, computational 

intelligence modeling of each type of loss using the available data in this work is proposed and investigated. The developed models 

not only can capture the complex nature of the losses to simplify the next implementations but also capitalize only on the widely 

available data as the inputs to the models to predict the future values of the losses. In order to design the computational intelligence 

losses prediction models, a supervised learning approach is implemented. It is a multiple univariate regression problem with 5 

features including irradiance, ambient temperature, wind speed, snowfall, and operating date and numeric target variables which 

are different types of losses. According to the literature (such as [37]), the previous work of the authors on snow loss prediction 

[28], and after trying different types of techniques, two best and well-known computational intelligence techniques including 

gradient boosted tree and long short-term memory network are selected to model each PV system loss. 

3.1. Gradient Boosted Tree 

Gradient boosted trees (GBTs) are generally a combination of several regression trees [38] and usually perform very well in 
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regression problems. A regression tree is a decision tree in the case of a numeric target variable. As the first step of building a GBT 

model, a regression tree is developed based on the training data. Then, the training data is fed into the tree and the predicted values 

of the target variable are obtained. The error corresponding to each data point i of the training data is calculated as follows: 

1 1   ,  i i iErrP MT PT i N= −                               (9) 

where ErrP1, MT, PT1, and N are the error of prediction in stage 1, the measured target value, the predicted target value in stage 1, 

and the number of the data points in the training data, respectively. In the next stage, a regression tree will be built to predict the 

values of ErrP1. The training data is fed into the new regression tree to get the predicted errors. The new prediction is calculated 

as follows: 

2 1 1= ( )  ,  ErrP

i i iPT PT LR P i N+                                 (10) 

where PT2, PErrP1, and LR are the predicted value of the target in stage 2, the predicted error in stage 1, and the learning rate which 

can have a value between zero and one, respectively. Then, the new error of prediction is calculated by subtracting the measured 

target value from the last stage predicted target value. This procedure continues in iterations until a stopping criterion is met. In 

this paper, the number of stages over which the error values and new predictions are obtained is considered as the stopping criterion 

so that after a particular number, the procedure does not continue. 

3.2. Long Short-Term Memory Network 

Long short-term memory (LSTM) network is a type of recurrent artificial neural network (ANN) that can learn long-term 

dependencies in the data [39]. It is one of the most promising computational intelligence techniques to use when dealing with a 

sequence of data in the form of time series. In general, ANNs are inspired by the network of the neurons in the human brain and 

are intended to replicate the way that humans learn. LSTM as a recurrent ANN has a chain-like architecture that contains several 

cells and gates. Information is retained by the cells and the memory manipulations are done by the gates which include forget 

gates, input gates, and output gates. The equations for the gates in an LSTM block are as follows: 

1

1
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                              (11) 

where igate, fgate, and ogate are the outputs of the input gate, forget gate, and output gate, respectively. σ, ω, and b represent sigmoid 

function, weights of the gates, and biases of the gates. x is the input while h is the output of the block. By using the sigmoid 

function, 0 means the gates are blocking everything, and 1 means the gates are allowing everything to pass through them. The 

equations for the cell state (c), candidate cell state (ĉ), and the final output (h) are as follows: 

1

1

tanh( [ , ] )
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                              (12) 

After calculating the candidate cell state and then the cell state, the cell state knows at any time step t that what it should forget 

from the previous state (i.e. ft
gate×ct-1) and what it should consider from the current state (i.e. it

gate×ĉt). Finally, the cell state is 

filtered and passed through the activation function which determines what portion should appear as the output of the LSTM block 

at time step t.  

4. NUMERICAL RESULTS OF THE COMPUTATIONAL INTELLIGENCE MODELING 

Computational intelligence modeling based on both GBT and LSTM is applied to the daily values of different PV system losses 

calculated in section II. Linear regression models are also developed for each type of loss as a benchmark to compare the 

performance of the models. Therefore, three models are developed for each target variable including the inverter loss, DC cabling 

loss, temperature loss, low irradiance, spectral, & reflection losses, MPPT losses, snow loss, and mismatch & soiling losses without 

snow loss. Computational intelligence modeling is also applied to the daily DC yield and daily PR values. Five widely available 

variables including irradiance, ambient temperature, wind speed, snowfall, and operating date are used as the features (inputs) to 

develop the models. Since the dataset of the aforementioned input and output variables for the system under study is prepared in 

section II, the only step left to execute is data normalization. Normalizing the variables makes their values lie within similar ranges 
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and avoids the larger influence of features with large values in the training step. Data is normalized between 0 and 1 using the 

following formula: 

min

min max

i

i

x x
x

x x

−
=

−
                              (13) 

where 
ix is the normalized value of xi. xMin and xMax are the minimum and the maximum values of the variable x, respectively. The 

line graphs of the normalized values of the features over the 8-year period in Denver are indicated in Fig. 10. Since the DC cabling 

loss, low irradiance, spectral, & reflection losses, and MPPT losses have been calculated as a particular percentage of the DC yield 

of the system, their normalized values are the same as the DC yield. Hence, one model will be developed for them all. The line 

graphs of the normalized values of the target variables are similar to those presented in section II but with variations between 0 

and 1.  

  
(a) (b) 

  
(c) (d) 

 
(e) 

Fig. 10.  The line graphs of the normalized values of the features for the prediction models [29], [30]. 

In order to build the prediction models based on the described computational intelligence techniques, MATLAB software is 

used and Bayesian optimization is implemented to find the best and optimal hyper-parameters of the models. The total number of 

the data points (daily calculated/observed values) over the 8-year period under study is 2502. By dividing the whole dataset into 

five sections, the first four sections (80% of the dataset) of the data are used to train the models and the last section (20% of the 

dataset) is used to test the models. Hence, the training dataset contains the first 2002 data points (14/07/2012 to 01/07/2018) and 

the test dataset contains the last 500 data points (02/07/2018 to 02/12/2019). The models are trained using the training data and 

then are evaluated on the test data. The performance of the models is evaluated by using the widely utilized metric of Root Mean 

Squared Error (RMSE) with the following equation: 

2

1

1
( )

N

i i

i

RMSE PT MT
N =

= −                              (14) 

where N is the number of the data points, PT is the predicted target value, and MT is the measured target value. Two cases are 

studied in this paper. In case 1, the computational intelligence modeling is applied to the dataset of the system under study (daily 
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values) and the prediction models are built for each type of loss as well as the daily PR values. In case 2, the best developed models 

in case 1 for each type of loss are applied to the historical data of another PV system with different technical characteristics located 

in different climatic conditions to evaluate whether the models developed for a particular PV system are applicable for another 

system or not. 

4.1. Case 1: Computational Intelligence Modeling for the main PV System 

Three models consisting of the linear regression model, GBT model, and LSTM network are developed for each target variable 

and their optimal hyper-parameters which result in the best performance are obtained. The RMSE values on the test data resulted 

from implementing each model with its optimal hyper-parameters for each target variable are presented in Table 4. The line graphs 

of the predicted values of each target variable using the best model together with their real calculated values in the test dataset are 

shown in Fig. 11.  

As can be observed in the first row of Table 4, the developed LSTM model for the inverter loss has a better performance with a 

lower RMSE value compared to the linear regression and GBT models. The RMSE obtained using this model is 0.0387 while the 

other models have resulted in a higher RMSE on the test data. This model has 14 hidden units with sigmoid gate activation function 

and tanh state activation function. The initial learning rate (LR) is 0.1 which is halved after every 99 epochs. The best result has 

been obtained after 352 epochs with a mini-batch size of 26. The predicted values of the inverter loss in the test data using the 

developed LSTM model are shown in Fig. 11 (a). As can be seen, the predicted values are very close to the real ones which prove 

the accurate performance of the prediction model.  

The results obtained from the models developed for the DC cabling loss, low irradiance, spectral, and reflection losses together 

with MPPT losses are presented in the second row of Table 4. As mentioned earlier, these losses have been calculated as a particular 

percentage of the daily DC yield and hence, they are modeled using a single target variable. Similar to the inverter loss, the LSTM 

model developed for the aforementioned losses has a better performance compared to the linear regression and GBT models. The 

RMSE obtained using the LSTM model is 0.0469 which is a network with 3 hidden units. The activation functions and the learning 

rate are similar to those in the model developed for the inverter loss. However, the best result has been obtained after 614 epochs 

with a min-batch size of 5. The line graphs of the predicted and the real values of the target variable on the test data using the 

LSTM model in Fig. 11 (b) also prove the effectiveness of the model in predicting the future values of the target variable.  

TABLE 4. NUMERICAL RESULTS OF CASE 1 USING ALL DEVELOPED MODELS FOR THE PV SYSTEM IN DENVER (DEVELOPED BY THE AUTHORS) 

Target 

Variable 
Model 

RMSE on 

Test Data 
Optimal Hyper-parameters a 

Inverter Loss 

Regression 0.0592 C1 = 0.9754 C2 = 0.1622 C3 = 0.0445 C4 = -0.4103 C5 = -0.0109 b = -0.0406 

GBT 0.0510 Depth of Trees = 2 Learning Rate = 0.6 Error Calculation = 188 Iterations 

LSTM 0.0387 NHU b = 14 GAF c = Sigmoid SAF d = tanh LR(k) = 0.1 / ((k/99) × 2) Epochs = 352 Mini-Batch Size = 26 

DC Cabling, Low 

Irradiance, and 

MPPT losses 

Regression 0.0648 C1 = 1.0082 C2 = 0.0155 C3 = 0.0578 C4 = -0.4434 C5 = 0.0025 b = 0.0002 

GBT 0.0574 Depth of Trees = 2 Learning Rate = 0.4 Error Calculation = 95 Iterations 

LSTM 0.0469 NHU = 3 GAF b = Sigmoid SAF c = tanh LR(k) = 0.1 / ((k/99) × 2) Epochs = 614 Mini-Batch Size = 5 

Temperature 

Loss 

Regression 0.0583 C1 = 0.3625 C2 = 0.5815 C3 = -0.0866 C4 = 0.0758 C5 = 0.0171 b = 0.0260 

GBT 0.0346 Depth of Trees = 3 Learning Rate = 0.1 Error Calculation = 138 Iterations 

LSTM 0.0332 NHU = 17 GAF b = Sigmoid SAF c = tanh LR(k) = 0.1 / ((k/98) × 2) Epochs = 607 Mini-Batch Size = 34 

Snow Loss 

Regression 0.0548 C1 = 0.0661 C2 = -0.1473 C3 = -0.0240 C4 = 0.4418 C5 = 0.0063 b = 0.0725 

GBT 0.0283 Depth of Trees = 4 Learning Rate = 0.4 Error Calculation = 5 Iterations 

LSTM 0.0316 NHU = 26 GAF b = Sigmoid SAF c = tanh LR(k) = 0.1 / ((k/42) × 2) Epochs = 285 Mini-Batch Size = 19 

Mismatch and 

Soiling Losses 

without Snow 

Regression 0.1539 C1 = 0.1108 C2 = -0.0269 C3 = -0.0787 C4 = -0.2244 C5 = -0.0333 b = 0.2377 

GBT 0.1449 Depth of Trees = 3 Learning Rate = 0.9 Error Calculation = 9 Iterations 

LSTM 0.1483 NHU = 21 GAF b = Sigmoid SAF c = tanh LR(k) = 0.1 / ((k/68) × 2) Epochs = 616 Mini-Batch Size = 31 

Performance 

Ratio 

Regression 0.0866 C1 = 0.1312 C2 = 0.0581 C3 = 0.1127 C4 = -0.6803 C5 = 0.0037 b = 0.4430 

GBT 0.0557 Depth of Trees = 4 Learning Rate = 0.1 Error Calculation = 49 Iterations 

LSTM 0.0656 NHU = 28 GAF b = Sigmoid SAF c = tanh LR(k) = 0.1 / ((k/38) × 2) Epochs = 62 Mini-Batch Size = 41 
a Hyper-parameter of the linear regression models including C1, C2, C3, C4, C5, and b are the coefficients for POA irradiance, ambient temperature, wind speed, 

snowfall, operating month, and the intercept of the model, respectively.  
b Number of Hidden Units. c Gate Activation Function. d State Activation Function. 
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(a) (b) 

  
(c) (d) 

  
(e) (f) 

Fig. 11.  The line graphs of the real and the predicted values of the target variables using the best prediction models in case 1 (PV system in Denver) (developed 

by the authors). 

The results of the models developed for the temperature loss in the third row of Table 4 also show that the LSTM model achieves 

superior performance over the other developed models. However, the resulted RMSE using this model (0.0332) is very close to 

the RMSE obtained using the GBT model (0.0346). This LSTM model consists of 17 hidden units and sigmoid and tanh as the 

gate and state activation functions, respectively. The initial learning rate (LR) is 0.1 which is halved after every 98 epochs. A total 

number of epochs of 607 and a mini-batch size of 34 are the other optimal hyper-parameters. The line graphs presented in Fig. 11 

(c) also show that the LSTM model has finely captured the behavior of the temperature loss and can predict the values of the target 

variable on the test data very well. 

Based on the results obtained from the snow loss prediction models in the fourth row of Table 4, the GBT model has resulted in 

the lowest RMSE value on the test dataset (0.0283). This means that the tree-based model of GBT has had better performance 

compared to the linear regression model and even the LSTM model. This GBT model consists of trees with a maximum depth of 

4. The optimal learning rate is 0.4. The best result has been obtained after 5 iterations of calculating the errors. The predicted values 

of the snow loss in the test dataset using the GBT model are indicated in Fig. 11 (d). As can be seen, the snow loss has been 

predicted very well using the prediction model based on GBT. It should be noted that the snow loss has a more complex nature 

compared to the other losses investigated so far since not only it depends on the daily snowfall but also on the snow depth and 

some other sophisticated factors such as the type of the snowflakes and the shape of the snow cover which cannot be measured 

easily and are not used in this work, neither.  

Certainly, the mismatch and soiling losses are the most difficult type of loss investigated in this paper for modeling. It is mainly 

due to the complexity in the nature of these losses and also the fact that some other factors such as the depth and shape of dust on 

the panels, which are not widely available or not even normally measured, mainly affect the amount of these losses. As can be seen 

in the fifth row of Table 4, all models have poor performance in predicting the values of these losses. However, the RMSE obtained 

using the GBT model is a bit lower compared to the other models. The line graphs in Fig. 11 (e) also show that even this model 

could not predict the values of these losses with good accuracy. The model, however, could capture the main trend in the values 

of the target variable. 

The results obtained from the PR prediction models are presented in the last row of Table 4. The GBT model with the RMSE 
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value of 0.0557 has had a better performance in comparison with the other two models. This model consists of trees with a 

maximum depth of 4. The best learning rate and the optimal error calculation iterations are also 0.1 and 49, respectively. The line 

graphs of the predicted and the real values of the daily PR using the GBT model in Fig. 11 (f) also prove the acceptable performance 

of this prediction model.  

As can be seen in Table 4, the linear regression models have relatively poor performance for all target variables compared to the 

other two models (GBT and LSTM). This shows that implementing the proposed computational intelligence modeling has been 

effective in obtaining more accurate predictions of the target variables. 

4.2. Case 2: Evaluation of The Developed Prediction Models on The Second PV System 

In this section, the previously developed loss prediction models are used for a different PV system to evaluate how well the 

models can predict the values of the daily losses for the new system. This analysis attempts to demonstrate whether the loss 

prediction models built based on the historical data of a particular PV system (which work well for that PV system) are applicable 

for another PV system with different technical characteristics and climatic conditions or not. 

To this end, the only available dataset for the authors with an acceptable quality of data and required parameters belongs to a 

PV system located in Las Vegas, NV. This dataset is extracted from the website of NREL [29]. The nominal power of the PV 

system is 68.4 kW. The type of the panels is NU-U240F1 manufactured by Sharp. The tilt angle of the panels is 5°. The total 

number of panels is 285 (each of 240 W). A 50 kW inverter is used in the system which is manufactured by SatCon Technology. 

Since the previously developed models are going to be tested on the new system, selecting the data records over only a year is a 

reasonable choice. By analyzing the dataset which contains monitored field data from 2011 to 2020, it has been found that the data 

recorded in 2012 has the best quality with a smaller number of anomalies and missing data. Therefore, the data for this particular 

year has been prepared and cleaned. The data is available from 05/01/2012 to 30/12/2012 (i.e. for 360 days).  

By implementing the proposed approach of PV losses calculation presented in Fig. 1, different types of losses have been 

calculated for the new PV system. DC cabling loss is calculated as 1.5% of the DC yield. In contrast to the first PV system, the 

inverter of the new system limits the power when the DC yield is more than 50.3 kW. Hence, the inverter power limitation loss is 

not zero. Since this type of loss was zero for the first PV system, no prediction model was built for that. Moreover, the low 

irradiance, spectral, and reflection losses are about 1% which is lower compared to the first PV system. MPPT losses are again 

assumed to be 1.5%. In addition, there was no snowfall in Las Vegas in 2012. So, the snow loss was zero over this year.  

The best prediction models developed in case 1 (according to Table 4, the LSTM model with 14 hidden units for the inverter 

loss, the LSTM model with 3 hidden units for the DC cabling, low irradiance, and MPPT losses, the LSTM model with 17 hidden 

units for the temperature loss, the GBT model with a maximum depth of 4 for the snow loss, the GBT model with a maximum 

depth of 3 for the mismatch and soiling losses, and the GBT model with a maximum depth of 4 for the performance ratio) were 

utilized to predict different types of losses for the new PV system. The prediction models used for each target variable together 

with the RMSE values obtained on the new test system are presented in Table 5. The line graphs of the calculated PV system losses 

together with the predicted values of each type of loss for the second PV system using the best developed prediction models in 

case 1 are shown in Fig. 12. 

As can be seen in Table 5, the best performance has been obtained for the target variables of the PR and the DC cabling, low 

irradiance, and MPPT losses with RMSE values of 0.0640 and 0.0721, respectively. The largest RMSEs resulted by applying the 

developed GBT and LSTM models to mismatch and soiling losses and the inverter loss with values of 0.4245 and 0.2917, 

respectively. The temperature loss prediction model has achieved acceptable performance. 

The line graphs presented in Fig. 12 also prove that the inverter loss has not been predicted very well. This means that the 

inverter loss depends highly on the characteristics of the inverter itself and different inverters can have different behavior in the 

same condition. So, the inverter loss prediction model developed for a particular PV system may not be applicable for another one. 

The DC cabling, low irradiance, and MPPT losses are predicted with good accuracy. Since these losses have been calculated as a 

particular percentage of the DC yield, it shows that PV arrays have very similar behavior in the DC power generation and the losses 

related to that. As can be seen in Fig. 12 (c), the model has captured the trend in the values of the temperature loss and can have 

acceptable performance. The large RMSE value obtained in predicting the mismatch and soiling losses can be easily recognized 

from the line graphs in Fig. 12 (d). There is a large difference between the predicted and the real values. The line graphs in Fig. 12 

(e) also show that the predicted values of the PR are very close to the real values except for several data points.  
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TABLE 5. PERFORMANCE OF THE BEST PREDICTION MODELS ON THE SECOND PV SYSTEM IN LAS VEGAS (DEVELOPED BY THE AUTHORS) 

Target Model RMSE on Test Data 

Inverter Loss LSTM 0.2917 

DC Cabling, Low Irradiance, and MPPT Losses LSTM 0.0721 

Temperature Loss LSTM 0.1625 

Mismatch & Soiling Losses without Snow GBT 0.4245 

Performance Ratio GBT 0.0640 

 

  
(a) (b) 

  
(c) (d) 

 
(e) 

Fig. 12.  The line graphs of the real and the predicted values of the target variables using the best prediction models in case 2 (PV system in Las Vegas) 

(developed by the authors). 

In order to evaluate the performance of the models developed in case 1 if they were also exposed to the data from the second 

PV system, we retrain the models by a part of the 1-year dataset of the second PV system. To this end and considering the nature 

of the data as time series, we use the first half of the data (the first 180 data points) for retraining the models and the last half of 

the data (the last 180 data points) for testing the models. The models are exposed to the new training data for 200 iterations and 

tested using the new test data after each iteration. The RMSE values over the new test dataset obtained from all the models after 

retraining them are shown in Fig. 13. The line graphs of the predicted values of the target variables over the new test data before 

and after retraining the models for the optimal number of iterations are indicated in Fig. 14.  
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Fig. 13.  The RMSE values over the new test dataset (the last 180 data points for the second PV system) after retraining the models using the new training dataset 

(the first 180 data points for the second PV system) over 200 iterations (developed by the authors). 

As one can notice in Fig. 13, the minimum RMSEs over the new test dataset (the last half of the dataset for the second PV 

system) for the LSTM-based inverter loss prediction model, LSTM-based DC cabling, low irradiance, and MPPT losses prediction 

model, LSTM-based temperature loss prediction model, GBT-based mismatch and soiling losses prediction model, and GBT-based 

PR prediction model are 0.0469, 0.0753, 0.0573, 0.0754, and 0.0263 obtained by retraining the models after 21, 17, 96, 12, and 13 

iterations, respectively. The aforementioned RMSEs, however, are significantly lower compared to those presented in Table 5 

before retraining the models, except for the LSTM-based DC cabling, low irradiance, and MPPT losses prediction model, it may 

not be reasonable to compare them since they have been obtained over test datasets with different numbers of data points. 

Nevertheless, the effect of retraining the models by a relatively small training dataset (containing 180 data points) of the second 

PV system on improving the prediction of the target variables for this PV system can be observed from the line graphs in Fig. 14.  

In general, the results obtained in case 2 prove that the LSTM-based inverter loss prediction model, LSTM-based DC cabling, 

low irradiance, and MPPT losses prediction model, LSTM-based temperature loss prediction model, GBT-based mismatch and 

soiling losses prediction model, and GBT-based PR prediction model which were built based on the data of the main PV system 

can be utilized for another PV system with different characteristics in different climatic conditions. The prediction models can 

perform much better if they are retrained by a small dataset of the new PV system under the analysis.  
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(a) (b) 

  
(c) (d) 

 
(e) 

Fig. 14.  The line graphs of the real and the predicted values of the target variables using the best prediction models in case 2 before and after retraining the 

models with the first half of data for the second PV system in Las Vegas (developed by the authors). 

5. CONCLUSION 

This paper proposed a systematic photovoltaic (PV) system power loss calculation approach. By implementing this approach, 

different types of power losses in PV systems, including both array capture losses (i.e. temperature loss, mismatching and soiling 

losses, low irradiance, spectral, and reflection losses, module quality degradation, and snow loss) and system losses (i.e. inverter 

loss, cabling loss, inverter power limitation loss, and MPPT losses) can be extracted from the historical data of the main electrical 

and meteorological parameters of the system. The proposed approach was applied to 8 years of recorded data for a 1.44 kWp 

rooftop PV system located in Denver, CO, and daily, monthly, and annual values of all aforementioned power losses were 

calculated for the system. The inverter of this system had a low efficiency over the 8-year period with an average annual loss of 

15.4%. The average annual performance ratio (PR) of the overall system was also calculated as 0.6 which indicates the relatively 

poor performance of the system. In addition, a computational intelligence modeling of the PV system power losses was proposed 

in the paper. Two well-known techniques, namely gradient boosted tree (GBT) and long short-term memory (LSTM) network, 

were implemented to build prediction models for each type of loss solely based on some main meteorological parameters as the 

inputs of the models. The developed LSTM models were demonstrated to predict the values of the inverter loss, the DC cabling, 

low irradiance, and MPPT losses, and the temperature loss in the test data more accurately (with RMSE values of 0.0387, 0.0469, 

and 0.0332) compared to the GBT models. In contrast, the developed GBT models for the snow loss, mismatch and soiling losses, 

and PR performed better in comparison with the LSTM models with RMSE values of 0.0283, 0.1449, and 0.0557, respectively. 

These models were also applied to another dataset for a 68.4 kW PV system located in Las Vegas, NV, to demonstrate their 

generalization capability. According to the obtained results, the developed models can predict the values of the target variables 

very well if they are retrained on a small dataset of the new PV system under analysis. Applying the computational intelligence 

modeling to the monthly and annual PV system power losses for long-term performance prediction will be further explored by the 

authors as part of future work. 
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