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Abstract - In this paper, we propose a new technique based on genetic algorithm for the 

extraction of electrical parameters (the saturation current, the serial resistance, the 

parallel resistance and the ideality factor). The models with five, seven and nine parameters 

respectively are considered. The genetic algorithm is used as a tool for optimization to 

increase the probability of reaching the global minimum solutions in a short time with a 

very good accuracy based on the minimization of the quadratic error between experimental 

and theoretical characteristics. The simulation results show that the accuracy of the 

heuristic approach is effective for modeling in the case of solar modules. The values of 

squared errors are around zero (5.8297 × 10-8, 3.0751 × 10-7 and 1.7243 ×10-5 for the five, 

seven and nine parameters models, respectively). On the other hand, the results were 

obtained after only seven generations which can be considered very fast for a nonlinear 

optimization problem with many physical constraints. The results prove that the GA is very 

suitable for estimating electrical parameters needed for modeling the PV array. 

Résumé - Dans cet article, nous proposons une nouvelle technique basée sur l’algorithme 

génétique pour l’extraction des paramètres électriques (le courant de saturation, la 

résistance série, la résistance parallèle et le facteur d’idéalité). Les modèles avec cinq, sept 

et neuf paramètres sont considérés respectivement. L’algorithme génétique est utilisé 

comme outil d'optimisation pour augmenter la probabilité d’atteindre les solutions 

minimales dans un court laps de temps avec une très bonne précision basée sur la 

minimisation de l’erreur quadratique entre les caractéristiques théoriques et 

expérimentales. Les résultats des simulations montrent que la précision de l’approche 

heuristique est efficace pour la modélisation dans le cas des modules solaires. Les valeurs 

des erreurs quadratiques sont autour de zéro (5.8297 × 10-8, 3.0751 × 10-7 et 1.7243 × 10-

5 pour les modèles cinq, sept et neuf paramètres, respectivement). D’autre part, les résultats 

ont été obtenus après seulement sept générations qui peuvent être considéré comme un 

temps très rapide pour un problème d’optimisation non linéaire avec de nombreuses 

contraintes physiques. Les résultats prouvent que l’AG est très approprié pour l’estimation 

des paramètres électriques nécessaires pour la modélisation des modules photovoltaïques. 

Mots-clés: Modélisation de la cellule photovoltaïque - Algorithme génétique – Extractions 

des paramètres - Identification. 

1. INTRODUCTION

The depletion of the fossil fuel reserves and the pollution caused by the conventional 

energy sources has made necessitous the exploitation of renewable energy sources in 

order to address the global challenges of clean energy, climate change and sustainable 

development. Those alternative energy production systems, such as photovoltaic (PV) 
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systems are being supported by many governments and countries on a worldwide basis 

[1]. 

Photovoltaic energy is one of the most promising emerging technologies. The cost of 

PV modules has been divided by five in the last six years; the cost of full PV systems has 

been divided by almost three. On the other hand, installations of PV systems around the 

world have been growing at an average annual rate of more than 44 % during the period 

from 2000 to 2013. Since 2010, the world has added more solar photovoltaic capacity 

than in the previous four decades. New systems were installed in 2013 at a rate of 100 

megawatts (MW) of capacity per day. Total global capacity overtook 150 gigawatts (GW) 

in early 2014 [2]. 

Photovoltaic’s is the field of technology and research related to the devices which 

directly convert sunlight into electricity. The solar cell made of semiconductor materials 

is the elementary building block of the photovoltaic technology. A number of solar cells 

electrically connected to each other and mounted in a single support structure or frame is 

called a ‘photovoltaic module’. Several modules can be wired together to form an array. 

Photovoltaic modules and arrays produce direct-current electricity. They can be 

connected in both series and parallel electrical arrangements to produce any required 

voltage and current combination [3]. 

To better understand the acting physical mechanisms within the solar generator (cell, 

module, array), several methods have been proposed for the identification of the different 

parameters that affect their characteristics, not only for increase their performance, but 

also to simulate their behavior and optimize their different characteristics [4-10]. These 

methods can be classified in two categories: a- deterministic methods involving methods 

such as least squares [11], Lambert W-functions [12], and the interior-point method [13]; 

b- heuristic methods such differential evolution (DE) [14], particle swarm optimization 

(PSO) [15], simulated annealing (SA) [16]. 

In this paper, we propose a technique based on genetic algorithm (GA) [17] for the 

extraction of electrical parameters (the saturation current, the serial resistance, the parallel 

resistance and the ideality factor). The models with five and seven parameters 

respectively are considered. The genetic algorithm is used as a tool for optimization to 

increase the probability of reaching the global minimum solutions in a short time with a 

very good accuracy based on the minimization of the quadratic error between 

experimental and theoretical characteristics. The simulation results show that the 

accuracy of the heuristic approach is effective for modeling in the case of solar modules. 

The values of squared errors are around zero (5.8297 × 10-8, 3.0751 × 10-7 and 1.7243 × 

10-5 for the five, seven and nine parameters models, respectively). On the other hand, the 

results were obtained after only seven generations which can be considered very fast for 

a nonlinear optimization problem with many physical constraints. The results prove that 

the GA is very suitable for estimating electrical parameters needed for modeling the PV 

array. 

The remainder of the paper is organized as follows. In Section 2, the problem of solar 

cell modeling is defined. Section 3 describes the GA algorithm as well as the problem of 

solar cell identification translated to an optimization task using this technique. Section 4 

presents the simulations results compared to experimental ones. In Section 5, the 

conclusions are stated. 

2. PHOTOVOLTAIC CELL MODELING 

There are two well-known and widely used models based on the well-known Shockley 

diode equation [18]: the single-diode model (the five parameters model) and the two-
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diode model (the seven parameters model). The most common versions of these models 

are presented below. In addition, in this study we introduce the genetic based extraction 

for the triple diode model parameters. The triple diode model is a recently used model 

[19, 20]. 

2.1 The single diode model 

It consists of a constant current source, in parallel with a diode, which includes an 

ideality factor to account for the recombination in the space-charge region. This model 

accounts for the losses due to the module’s internal series resistance, as well as contacts 

and interconnections between cells and modules. While the shunt resistance of the module 

models the losses due to the leakage currents across the junction and within the cell due 

to crystal imperfections and impurities. This model offers good compromise between 

approximation precision and simplicity [20, 21]. 

 

Fig. 1: The single diode model 

The mathematical model is given by: 
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Where, shR  is the module shunt resistance; sR is the module internal series resistance;

0I  is the dark saturation current; sn  is the number of series connected cells in the module; 

tV  is the module thermal voltage defined by: 

q

T.k.A.n
V s

t         (2) 

Where, sn  is the number of series connected cells in the module; A is the diode ideality 

factor; k  is the Boltzmann’s constant; T  is the temperature; q is the charge of an 

electron. 

2.2 The double diode model 

It considers an additional diode in the equivalent scheme to account for the losses due 

to the carrier recombination in the space charge region of the junction, and those due to 

surface recombination. The double diode model is considered to be more accurate than 

the single diode model. 
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Fig. 2: The Double diode model 

The mathematical model is given by: 

sh

sV.n

R.IV

02
V.n

R.IV

01ph
R

R.IV
1e.I1e.III 2ts

S

1ts

S














































   (3) 

Where, shR  is the module shunt resistance; sR is the module internal series resistance;

i0I  (I = 1 or 2) is the dark saturation current; sn  is the number of series connected cells 

in the module; tiV  (i = 1 or 2) is the module thermal voltage defined by: 

q

T.k.A.n
V is

ti        (4) 

Where, iA  ( i  = 1 or 2) is the diode ideality factor; sn  is the number of series connected 

cells in the module; k  is the Boltzmann’s constant; T  is the temperature; q  is the charge 

of an electron. 

2.3 The triple diode model 

As in the double diode model, the triple diode model considers an additional diode 

(3rd one) in the equivalent scheme to account for the contribution of added diode current 

due to recombination in the defect regions and grain sites. 

 

Fig. 3: The triple diode model 

The mathematical model is given by: 
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Where, shR  is the module shunt resistance; sR is the module internal series resistance;

i0I  ( i = 1 or 3) is the dark saturation current; sn  is the number of series connected cells 

in the module; tiV  (i = 1 or 3) is the module thermal voltage defined by 

q

T.k.A.n
V is

ti         (6) 

Where, iA  ( i  = 1 or 23 is the diode ideality factor; sn  is the number of series connected 

cells in the module; k  is the Boltzmann’s constant; T  is the temperature; q  is the charge 

of an electron. 

3. GA-BASED PV CELL  

PARAMETERS EXTRACTION TECHNIQUE 

The unknown parameters of the single or the double diode models have to be 

determined for the given type of cell, whose characteristics are to be reproduced by the 

model. A number of approaches for cells and module parameter determination can be 

adopted using the datasheet parameters or measured I/V curves. 

3.1 Genetic algorithm overview 

A genetic algorithm is a search heuristic that mimics the process of natural selection. 

The idea with GA is to use this power of evolution to solve optimization problems. The 

father of the original Genetic Algorithm was John Holland who invented it in the early 

1970's [23]. His student D.E. Goldberg took care of its implementation in the 80s [24]. In 

general, genetic algorithm have five basic components, as summarized by Michalewicz 

[25]: 

 A genetic representation of solution to the problem; 

 A way to create an initial population of solutions; 

 An evaluation function rating solutions in terms of their fitness; 

 Genetic operators that alter the genetic composition of children during reproduction; 

 Value for the parameters of genetic algorithms. 

The genetic algorithm maintains a population of individuals, say )t(P , for generation 

t . Each individual represents a potential solution to the problem. Each individual is 

evaluated to give some measure of its fitness. Some individuals undergo stochastic 

transformations by means of genetic operations to form the new individuals. After several 

generation, the algorithm converges to the best individual, which hopefully represents an 

optimal or suboptimal solution to the problem. 

3.2 GA-based PV cell parameters extraction technique implementation 

The electrical PV cell parameters ( phI , 0I , 1A , sR  and shR ) in case of single diode 

model or ( phI , 01I , 1A , 02I , 2A , sR  and shR ) in case of double diode model are 

encoded into binary strings known as chromosomes. The length of strings is set to 80 

(5*15) for the single diode model, 112 (7*16) for the two diode model and 144 (9*16) 

for the triple diode model. 

The selection is applied on a population of chromosomes and forms a mating pool. 

The purpose of parent selection in a GA is to give more reproductive changes to those 

individuals that are the fit. In our case we use the roulette wheel parent selection. 
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Fig. 4: Basic genetic algorithm 

The Crossover operator is applied next to produce new chromosomes. Like in nature, 

crossover produces new individuals having some parts of both parent’s genetic material. 

For this matter, we apply a single point crossover. The mutation is a genetic operator used 

to maintain genetic diversity from one generation of a population of genetic algorithm 

chromosomes to the next one. The fitness of each chromosome is evaluated by converting 

its binary string into a real value which represents model parameters. Each set of model 

parameters is to compute the correspondent computed I-V curve. The error criterion 

which used in the non-linear fitting procedure is based on the sum of the squared 

difference between the computed and experimental current values. 

4. SIMULATION RESULTS 

The simulated GA algorithm parameters used to initialize the GA algorithm 

parameters and generating an initial random population of individuals representing the 

model parameters are defined in Table 1. 

Table 1: GA parameters 

Description Parameters 

Population size 100 

Maximum iteration 100 

Crossover probability 0.5 

Mutation probability 0.02 

Number of bits per chromosome 16 
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The developed algorithm implemented using Matlab environment was tested on two 

PV modules the 30XLS (Table 2) and the 34XLS (Table 3). 

Table 2: 30XLS parameters 

Description Experimental measured value 

Module temperature Tmod 35.08 °C 

Efficiency insolation Eeff 962.15 W/m2 

Short circuit current ISC 5.58 A 

Open circuit voltage VOC 21.26 V 

MPP current Ipmax 5.119 A 

MPP voltage Vpmax 16.78 V 

Short circuit current (STC ISCO) 5.80 A 

Open circuit voltage (STC VSCO) 22.03 V 

MPP current at STC Ipmax 5.32 A 

MPP voltage at STC Vpmax 17.59 V 

Maximum power Pmax 93.63 W 

Table 3: 34XLS module parameters 

Description Experimental measured value 

Module temperature Tmod 32.16 °C 

Efficiency insolation Eeff 791.25 W/m2 

Short circuit current ISC 4.86 A 

Open circuit voltage VOC 21.26 V 

MPP current Ipmax 4.44 A 

MPP voltage Vpmax 16.90 V 

Short circuit current (STC ISCO) 6.167 A 

Open circuit voltage (STC VSCO) 22.03 V 

MPP current at STC Ipmax 5.62 A 

MPP voltage at STC Vpmax 17.69 V 

Maximum power Pmax 99.50 W 

Figures 5 to 10 show the computed and the experimental I-V characteristics for the 

two considered modules. 

  

Fig. 5: I-V characteristics for 30XLS 

module: five parameters model 

Fig. 6: I-V characteristics for 30XLS 

module: seven parameters model 
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Fig. 7: I-V characteristics for 30XLS 

module: nine parameters model 

  

Fig. 8: I-V characteristics for 34XLS 

module: five parameters model 

Fig. 9: I-V characteristics for 34XLS 

module: seven parameters model 

 

Fig. 10: I-V characteristics for 34XLS 

module: nine parameters model 

Tables 4, 5 and 6 give the extracted parameters using the developed genetic algorithm. 
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Table 4: Five parameters model 

Parameter 30XLS 34XLS 

phI  5.50 A 4.95 A 

0I  2.55 × 10-8 A 5.98 × 10-8 A 

A  1.88 1.52 

sR  0.174 Ω 0.647 Ω 

shR  187.24 Ω 156.48 Ω 

Table 5: Seven parameters model 

Parameter 30XLS 34XLS 

phI  5.92 A 4.94 A 

01I  6.57 × 10-8 A 6.29 × 10-8 A 

1A  1.32 1.09 

02I  0.56 × 10-8 A 4.99 × 10-8 A 

2A  1.48 1.93 

sR  0.798 Ω 0.107 Ω 

shR  193.96 Ω 192.01 Ω 

Table 6: Nine parameters model 

Parameter 30XLS 34XLS 

phI  5.33 A 5.38 A 

01I  6.59 × 10-8 A 3.51 × 10-8 A 

1A  1.27 1.77 

02I  6.35 × 10-8 A 6.71 × 10-8 A 

2A  1.88 1.11 

02I  6.10 × 10-8 A 6.42 × 10-8 A 

3A  1.58 0.67 

sR  0.524 Ω 0.345 Ω 

shR  223.76 Ω 218.70 Ω 

From the obtained figure, we can see that the theoretical VI  characteristics are very 

close to the experimental measured VI  characteristics. The results prove the 

effectiveness of the proposed technique to extract with good precision the parameters of 

the equivalent circuit model. Another important point is the very little needed time to 

extract these parameters compared to deterministic methods which consider the problem 

of PV model parameters extraction as a NP-hard optimization problem. 
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