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Abstract 26 

Simulated current-voltage (I-V) characteristics of photovoltaic (PV) cells and modules are 27 

significant for the performance assessment, design and quality control, which are decided by 28 

the accurate determination of the intrinsic parameters of the devices. Commonly, a single-29 

diode model is utilized to extract these parameters such as the ideality factor (n), series 30 

resistance (Rs), shunt resistance (Rsh), saturation current (Io) and photo-generated current (Iλ). 31 

Driven by this idea, a new mathematical manipulation was performed on the single-diode 32 

equation that yielded a non-linear formula of Rs. Later, Brent’s algorithm was used to 33 

precisely estimate Rs at every fine-tuned point of n, thereby all other parameters were 34 

determined. The set of parameters that provided the lowest root mean square error (RMSE) 35 

between the experimental and simulated I-V data were chosen to be optimum. The proposed 36 

Brent’s algorithm (BA) was shown outperform several recently reported computational and 37 
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heuristic algorithms that were exploited to mine the single-diode model parameters for solar 38 

cells and modules with varied device temperatures and solar irradiation conditions.  39 

 40 

Keywords: Solar cells and modules, Parameters extraction, Brent’s algorithm, I-V 41 

simulation, sensitivity analysis. 42 
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Abbreviations: 44 

ABC: Artificial Bee Colony 45 

ABSO: Artificial Bee Swarm Optimization 46 

ADA: Adaptive Differential Algorithm 47 

BA: Brent’s Algorithm  48 

BMO: Bird Mating Optimizer 49 

CPSO: Chaos Particle Swarm Algorithm 50 

CSO: Cat Swarm Optimization  51 

CWOA: Chaotic Whale Optimization Algorithm 52 

DET: Differential Evolution Technique 53 

EHA-NMS: Eagle-based Hybrid Adaptive Nelder-Mead Simplex Algorithm 54 

ELPSO: Enhanced Leader Particle Swarm Optimization 55 

ER-WCA: Evaporation Rate-based Water Cycle Algorithm 56 

GA: Genetic Algorithm 57 

GGHS: Grouping-based Global Harmony Search 58 

GOTLBO: Generalized Oppositional Teaching Learning Based Optimization 59 

HFAPS: Hybrid Firefly and Pattern Search Algorithm 60 

HS: Harmony Search 61 

IGHS: Innovative Global Harmony Search 62 
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ILCOA: Improved Lozi Map based Chaotic Optimization Algorithm 63 

ISCE: Improved Shuffled Complex Evolution  64 

MABC: Modified Artificial Bee Colony  65 

MAE: Mean of Absolute Error  66 

MPCOA: Mutative-scale Parallel Chaos Optimization Algorithm 67 

NM-MPSO: Nelder-Mead and Modified Particle Swarm Optimization 68 

PCE: Population Classification Evolution 69 

PGJAYA: Performance Guided JAYA 70 

PS: pattern search 71 

PSO: particle swarm optimization 72 

Rcr-IJADE: Ranking-based Improved Adaptive Differential Evolution 73 

RMSE: Root Mean Squared Error  74 

SA: Simulated Annealing 75 

SAE: Summation of Absolute Error  76 

STLBO: simplified teaching-learning based optimization 77 

 78 

Nomenclature: 79 

Io: saturation current  80 

Iλ: photo-generated current 81 

kB: Boltzmann’s constant (1.381 × 10-23 J/K) 82 

n: ideality factor 83 

q: electron charge (1.602 × 10-19 C) 84 

Rsh: shunt resistance  85 

Rs: series resistance   86 

T: temperature in Kelvin 87 
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 88 

1.  Introduction  89 

PV technologies are exploited to convert solar energy into electricity by means of 90 

solar cells and modules comprising various architectural designs and active materials (Li et 91 

al., 2007; McEvoy et al., 2012; Muhammad and Sulaiman, 2018; Muhammad, Fahmi F et al., 92 

2017; Otte et al., 2006). The easy installation and low maintenance costs of solar energy 93 

derived electricity compared to other energy sources make PV technology more convenient 94 

and effective. Various factors that affect the performance of PV devices include temperature, 95 

solar insolation and aging (Ahmad et al., 2017; Meneses-Rodrı́guez et al., 2005; Muhammad 96 

et al., 2018). Essentially, these factors modify the intrinsic parameters of solar cells and 97 

modules, thereby reducing the cell efficiency. Therefore, it is important to model and analyse 98 

the current-voltage (I-V) characteristics of these devices under diverse operational conditions 99 

(Muhammad, Fahmi F. et al., 2017; Xiao et al., 2017).  100 

Over the years, single-diode and double-diode models have been widely studied to 101 

mimic the I-V characteristics (Humada et al., 2016; Muhammad, Fahmi F. et al., 2017; 102 

Villalva, M. G. et al., 2009), wherein the real-world PV behaviour of solar cells and modules 103 

have been simulated. The single-diode model has been proven to be accurate approach for the 104 

PV devices in terms of simplicity and fast implementation response (Kumar and Kumar, 105 

2017; Orioli and Di Gangi, 2016; Tong and Pora, 2016). This model is represented by an 106 

equivalent circuit which is composed of a constant current source connected to an ideal diode 107 

in parallel with a shunt resistance driving an external load through a series resistance (Fig. 108 

1(b)).  109 

For the purpose of performance assessment, simulation, design, and quality control, 110 

the precise estimation of the solar cells and modules parameters values are significant 111 

(Maouhoub, 2018a). Besides, these parameters can be used effectively to predict the energy 112 
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yield (Müller et al., 2016), to develop algorithm for maximum power point trackers (MPPTs) 113 

(Tajuddin et al., 2015; Verma et al., 2016), to develop plug-in hybrid electric vehicles 114 

(PHEVs) (Hu et al., 2016), to address the degradation and aging issues in PV devices,  115 

(Domanski et al., 2018; Neubauer et al., 2019), and to understand the outdoor operation of 116 

PV cells and panels at various environmental conditions (Gaglia et al., 2017). Generally, the 117 

manufacturers of PV devices provide a datasheet that includes open circuit voltage (Voc), 118 

short circuit current (Isc), maximum rated power (Pm), voltage and current temperature 119 

coefficients at standard test condition (STC). However, in the real-world situation the PV 120 

devices do not always operate at this standard condition. Often, it is difficult to carry out a 121 

steady practical I-V measurement over a long-time span and under different outdoor 122 

situations. Therefore, it is vital to extract the intrinsic parameters of these devices first before 123 

utilizing them in a viable model that is capable of well simulating the I-V curve of solar cells 124 

and modules at every stage of their utilization and under varied environmental conditions. 125 

Sequentially, various analytical and computational approaches as well as combined 126 

strategies were adopted. In the analytical methods, the mathematical equations are 127 

manipulated in a way that few characteristic I-V points (e.g., Voc, Isc, Vm and Im) that are 128 

provided in the manufacturer’s datasheet can be utilized to extract the PV cells and modules 129 

parameters (Louzazni and Aroudam, 2015; Park and Choi, 2015; Rasool et al., 2017; 130 

Villalva, Marcelo Gradella et al., 2009). Despite a simple implementation, analytical methods 131 

neither guarantee the high accuracy nor the realistic estimate of the PV cells and modules 132 

parameters (Pindado and Cubas, 2017; Senturk and Eke, 2017; Yadir et al., 2009; Yıldıran 133 

and Tacer, 2016). This is because only limited regions of data from the I-V curve are 134 

considered, resulting in high discrepancies between the simulated and measured I-V curve. 135 

Alternatively, higher accuracy can be achieved at the expense of increased computational 136 

complexity provided the entire I-V data is incorporated into the proposed mathematical 137 
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equations. These derived set of equations are solved by deterministic computational methods 138 

including Newton-Raphson, Levenberg–Marquardt, polynomial curve fitting, Lambert-W 139 

function and conductivity approach (Chegaar et al., 2001; Chen et al., 2011; 140 

Easwarakhanthan et al., 1986; Ma et al., 2014). However, these methods are based on 141 

gradient numerical optimization, wherein the proposed equation must be continuous and 142 

differentiable over the given interval in order to get the best approximate solution. 143 

Interestingly, stochastic computational optimization based on evolutionary and 144 

heuristic algorithms received considerable attention for their capacity of handling nonlinear 145 

equations and global search pattern. For instance, differential evolution (DE) technique 146 

(Gong and Cai, 2013; Ishaque and Salam, 2011), bird mating optimizer (BMO) (Askarzadeh 147 

and dos Santos Coelho, 2015; Askarzadeh and Rezazadeh, 2013b, c), genetic algorithm (GA) 148 

(Jervase et al., 2001; Zagrouba et al., 2010), artificial bee colony (ABC) (Oliva et al., 2014) 149 

and particle swarm optimization (PSO) (Ye et al., 2009; Yeh, 2009) were successfully 150 

utilized to estimate the parameters of PV cells and modules. Basically, these algorithms work 151 

on a random selection of the intended parameters simultaneously within a large solution 152 

space, ultimately leading to high computational cost and reduced stability. On top, the 153 

solution may easily get stuck into the local optimum when the dimension of the objective 154 

function is large (Gao et al., 2018). Very recently, researchers have made attempts to better 155 

compensate for the limitations of stochastic computational techniques through the 156 

establishment of alternative algorithms and internal parametric modifications. Examples of 157 

these approaches are PSO with binary constraints (Bana and Saini, 2017), guaranteed 158 

convergence PSO (Nunes et al., 2018), improved chaotic whale optimization algorithm 159 

(Oliva et al., 2017), improved shuffled complex evolution algorithm (Gao et al., 2018) and 160 

hybrid firefly algorithm with pattern search algorithm (HFAPS) (Beigi and Maroosi, 2018). 161 

Additionally, with the aim of combining the simplicity of analytical methods and efficiency 162 
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of computational techniques various hybrid approaches were adopted to estimate the PV cells 163 

and modules parameters (Chin et al., 2015; Cubas et al., 2014a; Kumar and Kumar, 2017; 164 

Maouhoub, 2018b).    165 

It is known that the performance and accuracy of the techniques used to estimate the 166 

single-diode parameters are usually limited by the complexity of their implementation and 167 

reproducibility as well as by the methodology of computational approaches that affect the 168 

simulated I-V curve which deviates from the experimental one. It is because the I-V 169 

characteristic is highly sensitive to the values of ideality factor and series resistance 170 

(Muhammad, Fahmi F. et al., 2017). Thus, special attention must be paid to the initial 171 

estimation of the ideality factor and series resistance while implementing the derived 172 

equations. To surmount this issue, a new mathematical manipulation is proposed wherein an 173 

implicit equation of series resistance (Rs) is initially derived. Later, Brent’s Algorithm (BA) 174 

(Brent, 2013) is used to determine the roots of the non-linear equations with assured 175 

convergence. This could accurately estimate Rs at every fine-tuned point of n. Finally, 176 

complete set of values of Rs and n were considered to extract the rest of the parameters. The 177 

set of parameters which provided the lowest root mean square error (RMSE) between the 178 

experimental and simulated I-V data were selected as the optimum solution. The proposed 179 

BA was deployed via MATLAB programming code to build a user-friendly software 180 

application which could automatically perform the process of parameters extraction.  181 

Simple implementation of this technique via the utilization of few viable equations 182 

and high accuracy of the simulated I-V compared to that of the experimental ones at various 183 

environmental conditions can be featured as two main contributions of the current work. The 184 

proposed method required a set of I-V data without the need of providing PV parameters 185 

manually. The method itself used the extrapolation fitting to estimate the PV parameters prior 186 

to the initialization. The rest of the paper describes the methodology of the mathematical 187 
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manipulations and the implementation of BA used to extract accurately the parameters and I-188 

V curve. Subsequently, the method was validated on both of solar cells and modules operated 189 

under different device temperatures and solar irradiations. Finally, the main conclusions of 190 

the research were drawn.      191 

                 192 

2.  Methodology 193 

2.1.  Mathematical Formalism 194 

Figs. 1(a-c) show the structure of a typical photovoltaic device, its equivalent circuit 195 

and standard I-V characteristics under dark and illumination, respectively. The light activated 196 

current source (Iλ) defines the amount of current generated in the cell when exposed to 197 

sunlight energy. The net current in the connected load determines the final characteristic 198 

current of the device, which is represented by.  199 

𝐼 = 𝐼𝜆 − 𝐼𝑜 [exp (
𝑉 + 𝐼𝑅𝑠

𝑛𝑉𝑡
) − 1] −

(𝑉 + 𝐼𝑅𝑠)

𝑅𝑠ℎ
                         (1) 200 

where n is the ideality factor of the solar cell signifying the charge transport efficiency of the 201 

device, 𝐼𝑜 is the saturation (generation) current of the diode under dark conditions, Vt is the 202 

thermal voltage represented by 𝑘𝐵𝑇 𝑞⁄ , 𝑘𝐵 is the Boltzmann’s constant, T is the temperature 203 

in Kelvin, q is the elementary charge and Rs and Rsh are the respective series and shunt 204 

resistance. For a PV module, (𝑉 + 𝐼𝑅𝑠) = (𝑉/𝑁𝑠 + 𝐼𝑅𝑠) since PV module is composed of Ns 205 

series connected cells. Consequently, the denominator of the exponent part in the equation is 206 

involved with Ns. Thus, during the numerical iterations, (Ns × n) should be considered instead 207 

of n. The validity of single-diode model is dependent on the applicability of the principle of 208 

superposition, whereby the effect of illumination is simply to displace the current by an 209 

amount equal to Iλ everywhere along the I-V curve and whereby all other terms in Eq. (1) 210 

retain their unilluminated and/or unbiased values (Del Cueto and Rummel, 2005).  211 
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 212 

Fig. 1. A prototype structure of PV cells (a), the equivalent circuit used to simulate I-V curve of 213 

PV cells based on single-diode model (b) and their standard I-V characteristics (c). 214 

  215 

Based on the I-V characteristic curves shown in Fig. 1(c), three boundary conditions 216 

can be considered at the points of open circuit voltage (Voc), short circuit current (Isc) and 217 

maximum power (Pm) such that Eq. (1) takes the form (Chaibi et al., 2018):   218 

0 = 𝐼𝜆 + 𝐼𝑜 − 𝐼𝑜 exp (
𝑉𝑜𝑐

𝑛𝑉𝑡
) −

𝑉𝑜𝑐

𝑅𝑠ℎ
                            (2) 219 

𝐼𝑠𝑐 = 𝐼𝜆 + 𝐼𝑜 − 𝐼𝑜 exp (
𝑅𝑠𝐼𝑠𝑐

𝑛𝑉𝑡
) −

𝑅𝑠𝐼𝑠𝑐

𝑅𝑠ℎ
                      (3) 220 

𝐼𝑚 = 𝐼𝜆 + 𝐼𝑜 − 𝐼𝑜 exp (
𝑅𝑠𝐼𝑚 + 𝑉𝑚

𝑛𝑉𝑡
) −

𝑅𝑠𝐼𝑚

𝑅𝑠ℎ
−

𝑉𝑚

𝑅𝑠ℎ
                (4) 221 

Subtracting Eq. (2) from Eq. (3), the saturation current (Io) was obtained: 222 

𝐼𝑜 =
𝐼𝑠𝑐 −

𝑉𝑜𝑐

𝑅𝑠ℎ
+

𝑅𝑠

𝑅𝑠ℎ
𝐼𝑠𝑐

exp (
𝑉𝑜𝑐

𝑛𝑉𝑡
) − exp (

𝑅𝑠𝐼𝑠𝑐

𝑛𝑉𝑡
)

                                (5) 223 

By neglecting exp (
𝑅𝑠𝐼𝑠𝑐

𝑛𝑉𝑡
) one can simplify the calculations wherein corresponding Eq. (3) 224 

and Eq. (5) reduced to: 225 

𝐼𝑠𝑐 = 𝐼𝜆 + 𝐼𝑜 −
𝑅𝑠𝐼𝑠𝑐

𝑅𝑠ℎ
                       (6) 226 
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𝐼𝑜 =
𝐼𝑠𝑐 −

𝑉𝑜𝑐

𝑅𝑠ℎ
+

𝑅𝑠

𝑅𝑠ℎ
𝐼𝑠𝑐

exp (
𝑉𝑜𝑐

𝑛𝑉𝑡
)

                  (7) 227 

Using Eq. (6) and Eq. (4) one achieves: 228 

𝐼𝜆 + 𝐼𝑜 = 𝐼𝑠𝑐 +
𝑅𝑠𝐼𝑠𝑐

𝑅𝑠ℎ
= 𝐼𝑚 + 𝐼𝑜 exp (

𝑅𝑠𝐼𝑚 + 𝑉𝑚

𝑛𝑉𝑡
) +

𝑅𝑠𝐼𝑚

𝑅𝑠ℎ
+

𝑉𝑚

𝑅𝑠ℎ
                         (8) 229 

By substituting Eq. (7) into Eq. (8) and solving for Rsh one gets: 230 

𝑅𝑠ℎ =
𝑅𝑠𝐼𝑠𝑐𝐴 − 𝑉𝑜𝑐𝐴 − 𝑅𝑠𝐼𝑠𝑐 + 𝑅𝑠𝐼𝑚 + 𝑉𝑚

𝐼𝑠𝑐 − 𝐼𝑚 − 𝐼𝑠𝑐𝐴
                           (9) 231 

where 𝐴 = exp (
𝑅𝑠𝐼𝑚+𝑉𝑚

𝑛𝑉𝑡
). Another explicit relation can also be derived for Rsh by applying a 232 

boundary condition at the maximum power point (Pm) on the power-voltage (P-V) curve as 233 

depicted in Fig. 2. When a solar cell operates at Pm, maximum power is delivered to the 234 

external load. In this situation, the total internal resistance (RT) of the solar cell (equivalent 235 

circuit) corresponds to the resistance of the external load (RL):  236 

𝑅𝑇 = 𝑅𝐿 =
𝑉𝑚

𝐼𝑚
                    (10) 237 

Based on the equivalent circuit, Eq. (10) can be applicable at the point of Pm (Im × Vm) 238 

regardless of the temperature and irradiation conditions as long as the load resistance is 239 

exactly matched to the total internal resistance:  240 

𝑅𝑠ℎ𝑅𝑑
́

𝑅𝑠ℎ + 𝑅𝑑
́

+ 𝑅𝑠 =
𝑉𝑚

𝐼𝑚
                            (11) 241 

where 𝑅𝑑
́  is the dynamic resistance of the diode at Pm and it is determined from the first 242 

derivative of the diode voltage with respect to its current. A non-linear load line is noticeable 243 

in Fig. 2, which arises due to the nonlinear increase in the potential difference on RL with the 244 

increase of RL value across the PV devices.   245 
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Fig. 2. P-V curve and load line for a typical solar cell, revealing maximum power 247 

delivery to the load at Vm.  248 

 249 

 250 

𝑅𝑑
́ =

𝑑𝑉𝐷

𝑑𝐼𝐷
|

𝑃𝑚

=
𝑛𝑉𝑡

𝐼𝑜𝑒𝑥𝑝(
𝑅𝑠𝐼𝑚 + 𝑉𝑚

𝑛𝑉𝑡
)

                     (12) 251 

Substituting Eq. (12) into Eq. (11) and performing few mathematical manipulations one 252 

obtains: 253 

𝐼𝑜 exp (
𝑅𝑠𝐼𝑚 + 𝑉𝑚

𝑛𝑉𝑡
) =

𝑛𝑉𝑡(𝐼𝑚 −
𝑉𝑚

𝑅𝑠ℎ
+

𝑅𝑠𝐼𝑚

𝑅𝑠ℎ
)

𝑉𝑚 − 𝑅𝑠𝐼𝑚
                 (13) 254 

Similarly, by subtracting Eq. (2) from Eq. (4) and combining Eq. (7) one gets: 255 

𝐼𝑜 exp (
𝑅𝑠𝐼𝑚 + 𝑉𝑚

𝑛𝑉𝑡
) = 𝐼𝑠𝑐 − 𝐼𝑚 +

𝑅𝑠

𝑅𝑠ℎ

(𝐼𝑠𝑐 − 𝐼𝑚) −
𝑉𝑚

𝑅𝑠ℎ
                          (14) 256 

From Eq. (13) and Eq. (14) one achieves the second explicit form of Rsh given by: 257 

𝑅𝑠ℎ =
𝑉𝑚

2 + 𝑅𝑠
2(𝐼𝑠𝑐𝐼𝑚 − 𝐼𝑚

2 ) + 𝑅𝑠(𝑛𝑉𝑡𝐼𝑚 − 𝐼𝑠𝑐𝑉𝑚) − 𝑛𝑉𝑡𝑉𝑚

𝑅𝑠(𝐼𝑚
2 − 𝐼𝑠𝑐𝐼𝑚) + 𝑉𝑚(𝐼𝑠𝑐 − 𝐼𝑚) − 𝑛𝑉𝑡𝐼𝑚

                     (15) 258 
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By combining Eq. (9) and Eq. (15) it is possible to derive a stand-alone implicit relation for 259 

Rs represented by: 260 

𝑅𝑠 =
𝑉𝑜𝑐𝑉𝑚(𝐼𝑠𝑐 − 𝐼𝑚) + 𝑛𝑉𝑡(𝐼𝑠𝑐𝑉𝑚 − 𝐼𝑚𝑉𝑜𝑐) − 𝑉𝑚

2𝐼𝑠𝑐 +
𝑛𝑉𝑡𝑉𝑚(2𝐼𝑚 − 𝐼𝑠𝑐)

𝐴
𝐼𝑠𝑐𝐼𝑚(𝑉𝑜𝑐 − 𝑉𝑚) − 𝐼𝑚

2 𝑉𝑜𝑐
              (16) 261 

To predict the accuracy of the proposed method and to derive the cost function, summation of 262 

absolute error (SAE), mean of absolute error (MAE) and root mean squared error (RMSE) 263 

were calculated via the respective relations:  264 

𝑆𝐴𝐸 = ∑|𝐼𝑖
𝑚𝑒𝑎𝑠 − 𝐼𝑖

𝑠𝑖𝑚|               

𝑘

𝑖=1

(17) 265 

𝑀𝐴𝐸 =
1

𝑘
∑ |(𝐼𝑖

𝑚𝑒𝑎𝑠 − 𝐼𝑖
𝑠𝑖𝑚)|

𝑘

𝑖=1

             (18) 266 

𝑅𝑀𝑆𝐸 = √
1

𝑘
∑(𝐼𝑖

𝑚𝑒𝑎𝑠 − 𝐼𝑖
𝑠𝑖𝑚)2

𝑘

𝑖=1

                   (19) 267 

where k is the number of elements in the measured I-V set, 𝐼𝑖
𝑚𝑒𝑎𝑠 and 𝐼𝑖

𝑠𝑖𝑚 are the ith 268 

measured and simulated current, respectively.  269 

 270 

2.2.  Brent’s Algorithm  271 

Brent’s algorithm (BA) is a root-finding algorithm combining the inverse quadratic 272 

interpolation and methods of bisection as well as secant. It often uses the potentially fast-273 

converging secant method or inverse quadratic interpolation, sometimes relies on the more 274 

robust bisection method if necessary. Therefore, BA has been purposely built to get benefit 275 

from the efficiency of the bisection method and low computational cost of the secant or 276 

inverse quadratic interpolation techniques.  Fig. 3 illustrates a flowchart of BA used to find 277 

the zero of a function through sign changes in a given interval. In the present work, BA was 278 

successfully utilized to solve Eq. (16) for extracting the PV parameters and performing I-V 279 
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simulation. BA is guaranteed to converge for any function in a reasonable number of steps 280 

(Brent, 1971). BA can be used by means of fzero command in MATLAB, which is dedicated 281 

to find the zero of a function of single variable denoted by x based on a user-supplied initial 282 

guessed value x0 (Magrab et al., 2007).   283 
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 284 

Fig. 3. Flowchart of Brent’s algorithm used for efficient extraction of solar cells and 285 

modules parameters.  286 
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 287 

2.3.  Implementation Procedure  288 

The implementation steps for solar cells and modules parameters extraction using the 289 

proposed BA is presented in Fig. 4. First, the PV parameters (Vm, Im, Voc and Isc) were 290 

computed from the given I-V data using polynomial, exponential and polynomial curve 291 

fittings around the points where Pm, Isc and Voc are located, respectively. Then, a set of n was 292 

generated in the selected range of 0.5 to 7. Such choice guaranteed an accurate extraction of n 293 

for almost every kind of solar cells and modules because some devices display relatively high 294 

n. In each iteration, one value of n was chosen and Eq. (16) was solved to determine the most 295 

accurate value of Rs using BA (see Fig. 3). Meanwhile, Eq. (15), Eq. (5) and Eq. (2) were 296 

respectively used to estimate the value of Rsh, Io and 𝐼𝜆. Next, the extracted parameters from 297 

every iteration were used to produce a bunch of simulated I-V curve. Finally, the set of 298 

parameters which belonged to the simulated I-V curve presented the minimum cost function, 299 

implying lowest RMSE between the measured and simulated I-V data, was chosen as the best 300 

solution.  301 
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Step 1: Import measured I-V data and generate P-V data to determine the 

PV parameters of Isc, Voc, Vm and Im using extrapolation technique.

Step 2: Input the number of series cells and operating temperature of the 

PV cells or modules.

Step 3: Initialize a set of ideality factor, n = [0.5,7] with 0.1 increment.

Step 4: Apply Brent s Algorithm (BA) to Eq. (16) using fzero command 

in MATLAB in order to determine the most accurate value of Rs at every 

point of n.

Step 5: Use Eq. (15), Eq. (5) and Eq. (2) to determine the value of Rp, Io 

and Il at every point of n.

Step 6: Generate a simulated I-V dataset based on the previously found 

PV cells/modules parameters at every point of n. Then, assign the best 

fitted I-V to the measured I-V with the help of Eq. (19). 

Step 7: Identify the value of n at which the best fitting has occurred in 

Step 6, then narrow down its interval to n± 0.1, n± 0.01, n± 0.001, n± 

0.0001 and n± 0.00001 respectively using Steps from 4 to 7.

Step 8: Retrieve the most accurate PV cells/modules parameters.
 302 

Fig. 4. Implementation steps for determining accurately the values of PV cells and 303 

modules parameters using BA to estimate the Rs.  304 

 305 

3.  Results and Discussion 306 

Validation and assessment of the proposed BA was performed on eight different PV 307 

devices (four PV cells and six PV modules) at different device temperatures and solar 308 

irradiations. Consequently, the extracted PV cells and modules parameters were recorded and 309 

utilized to generate simulated I-V data for each type of the device. The correctness and 310 
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robustness of the proposed method was tested by comparing with the existing art of the 311 

techniques reported in the literature.  312 

  313 

3.1 Validation on PV Cells  314 

The validation and accuracy of the proposed BA was performed on two different solar 315 

cells such as R.T.C. France silicon and PVM 752 GaAs. The measured I-V data for R.T.C. 316 

France solar cell with a 57 mm-diameter operating at cell temperature (T ) of 33 oC and 317 

irradiation of 1000 W/m2 was selected (Easwarakhanthan et al., 1986). Meanwhile, the PVM 318 

752 GaAs thin film solar cell was operated at 25 °C and irradiation of 1000 W/m2, wherein 319 

the measured I-V data was obtained (Jordehi, 2018). The BA based results for R.T.C. France 320 

single-crystalline solar cell are shown in Fig. 5, while the measured and calculated I-V dataset 321 

is provided as Appendix A. Clearly, the simulated currents agreed very good well with the 322 

experimental ones. Fig. 5(a) showed that the proposed method is more sensitive to the PV 323 

parameters of Vm and Im, where the simulated currents were more deviated from that of the 324 

measured currents around Pm. This can be ascribed to the effect of polynomial fitting which 325 

was used to extract the value of Vm and Im from the experimental I-V data. Besides, Fig. 5(b) 326 

further revealed the closeness between the simulation and experimental results of the I-V 327 

data.  328 

5 10 15 20 25

-0.2

0.0

0.2

0.4

0.6

0.8

C
u

rr
en

t 
(A

)

Number of Instances

 Experiment

 Simulation

(a)

-0.2 0.0 0.2 0.4 0.6

-0.2

0.0

0.2

0.4

0.6

0.8

1.0

1.2

C
u

rr
en

t 
(A

)

Voltage (V)

 Experiment

 Simulation

(b)

 329 



17 

 

Fig. 5. Simulation (calculated) and experimental (measured) currents for single-diode 330 

model of R.T.C. France solar cell (a) and their I-V curves (b). 331 

 332 

The accuracy of simulated I-V data were compared to those reported in the literature. 333 

It was found that BA outperformed several recently reported methods as depicted in Table 1, 334 

wherein the uncertainty percentage in the extracted parameters is also given. Additionally, the 335 

extracted parameters of R.T.C. France solar cell using the proposed technique were compared 336 

to those determined by some of other reported methods. The error between simulation and 337 

experimental I-V data in terms of SAE, MAE and RMSE indicated an excellent accuracy for 338 

the proposed BA which was attributed to the strong reliance of accurate determination of the 339 

PV cells and modules parameters. In short, the proposed approach achieved lowest RMSE 340 

value of (7.7896±0.005%) ×10-4 for the R.T.C. France solar cell, which was lower than those 341 

obtained by the existing state of the art techniques such as PGJAYA, ILCOA, HFAPS and 342 

ER-WCA. 343 

 344 

Table 1. Comparison of different parameter extraction methods for single-diode model 345 

of R.T.C. France solar cell worked at 33 oC and 1000 W/m2.  346 
Method n Rs (W) Rsh (W) Il (A) Io (A) SAE MAE RMSE 

BA (proposed) 1.4732 0.0367±0.002% 52.4722 0.7608±0.004% 0.2983±0.006% (1.7789±0.002%) ×10-2 6.8420×10-4 (7.7896±0.005%) ×10-4 

PGJAYA (Yu et 

al., 2019) 
1.4812 0.0364 53.7185 0.7608 0.3230 NA NA 9.8602×10-4 

ILCOA 

(Pourmousa et al., 

2019) 

1.4811 0.0364 53.7187 0.7608 0.3230 NA NA 9.8602×10-4 

HFAPS (Beigi and 

Maroosi, 2018) 
1.4811 0.0364 53.6784 0.7608 0.3226 NA NA 9.8602×10-4 

ER-WCA (Kler et 

al., 2017) 
1.4811 0.0364 53.6910 0.7608 0.3227 NA 6.7985×10-4 9.8602×10-4 

DET 

(Chellaswamy and 

Ramesh, 2016) 

1.4870 0.0360 54.5320 0.7510 0.3150 NA NA 9.3000×10-4 

IJAYA (Yu et al., 

2017) 
1.4811 0.0364 53.7595 0.7608 0.3228 NA NA 9.8603×10-4 

ISCE (Gao et al., 

2018) 
1.4812 0.0364 53.7185 0.7608 0.3230 1.7704×10-2 NA 9.8602×10-4 

EHA-NMS (Chen, 

Z. et al., 2016) 
1.4812 0.0364 53.7185 0.7608 0.3230 1.7704×10-2 NA 9.8602×10-4 

Rcr-IJADE (Gong 

and Cai, 2013) 
1.4812 0.0364 53.7185 0.7608 0.3230 1.7704×10-2 NA 9.8602×10-4 

PCE (Zhang et al., 

2016) 
1.4811 0.0364 53.7185 0.7608 0.3230 NA NA 9.8602×10-4 

ABC (Oliva et al., 

2014) 
1.4817 0.0364 53.6433 0.7608 0.3251 NA 8.3034×10-4 9.8620×10-4 

GOTLBO (Chen, 

X. et al., 2016) 
1.4838 0.0363 54.1154 0.7608 0.3316 NA NA 9.8744×10-4 

CSO (Guo et al., 1.4812 0.0364 53.7185 0.7608 0.3230 NA 6.7968×10-4 9.8602×10-4 
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2016) 

STLBO (Niu et 

al., 2014) 
1.4811 0.0364 53.7187 0.7608 0.3230 NA 8.2900×10-4 9.8602×10-4 

ABC-DE 

(Hachana et al., 

2013) 

1.4799 0.0364 53.7185 0.7608 0.3230 NA NA 9.8602×10-4 

BMO (Askarzadeh 

and Rezazadeh, 

2013b) 

1.4817 0.0364 53.8716 0.7608 0.3248 NA 4.6210×10-3 9.8608×10-4 

NM-MPSO 

(Hamid et al., 

2016) 

1.4812 0.0364 53.7222 0.7608 0.3230 NA 4.5980×10-3 9.8602×10-4 

MABC (Jamadi et 

al., 2016) 
1.4814 0.0364 53.4000 0.7608 0.3213 NA 8.3118×10-4 9.8610×10-4 

GGHS 

(Askarzadeh and 

Rezazadeh, 2012) 

1.4822 0.0363 53.0647 

0.7609 

 

 

0.3262 NA 4.6000×10-3 9.9097×10-4 

ABSO 

(Askarzadeh and 

Rezazadeh, 

2013a) 

1.4758 0.0366 52.2903 0.7608 0.3062 NA NA 9.9124×10-4 

IGHS 

(Askarzadeh and 

Rezazadeh, 2012) 

1.4874 0.0361 53.2845 0.7608 0.3435 NA NA 9.9306×10-4 

CPSO (Wei et al., 

2011) 
1.5033 0.0354 59.0120 0.7607 0.4000 NA 1.6800×10-1 1.3900×10-4 

CWOA (Oliva et 

al., 2017) 
1.4812 0.0364 53.7987 0.7608 0.3239 NA 8.2800×10-4 9.8604×10-4 

GA (Jervase et al., 

2001) 
1.5750 0.0290 42.3730 0.7620 0.8090 NA NA 1.9100×10-2 

NA: not available in the literature  347 
 348 

  349 

Following the earlier procedures, the solar cell parameters of the second PV cell was 350 

determined and BA model was validated on PVM 752 GaAs thin film solar cell (Jordehi, 351 

2018). After determining the cell parameters, the simulated currents were compared with the 352 

experimental ones (Appendix B). Fig. 6(a) and Fig. 6(b) displays the excellent fit of the 353 

simulated data with the measured one, where a trivial deviation around the maximum power 354 

point was observed with naked eyes. This might be referred to the effect of the extrapolated 355 

method that was applied to identify the values of Vm and Im. The calculated/simulated I-V data 356 

were compared with those reported in the literature. It was concluded that BA performed 357 

excellently to determine the PV parameters of the PVM 752 GaAs with lowest RMSE of 358 

(2.1049±0.007%) ×10-4 (see Table 2), wherein the uncertainty percentage in the extracted 359 

parameters is also given. The tiny values of SAE, MAE and RMSE clearly signified excellent 360 

competitive accuracy for the proposed method that strongly relied on the accurate 361 

determination of PV cells parameters.  362 



19 

 

 363 
 364 

Fig. 6. Simulated and experimental currents for single-diode model of PVM 752 GaAs 365 

solar cell (a) and their I-V curves (b). 366 

 367 

 368 

Table 2. Comparison of different parameter extraction methods for single-diode model 369 

of PVM 752 GaAs thin film cell operated at 25 °C and 1000 W/m2.  370 
Method n Rs (W) Rsh (W) Il (A) Io (pA) SAE MAE RMSE 

BA (proposed) 1.7341±0.001% 0.6165±0.007% 684.5160 0.0999±0.007% 19.4226 (7.4258±0.008%) ×10-3 1.6877×10-4 (2.1049±0.007%) ×10-4 

ABC (Jordehi, 

2018) 
1.7742 0.5000 100.0000 0.1033 32.000 NA NA 2.0412×10-3 

BSA (Jordehi, 

2018) 
1.8586 0.5000 100.0000 0.1039 84.900 NA NA 2.1469×10-3 

CPSO (Wei et 

al., 2011) 
1.6171 0.3466 14.2400 0.1165 0.000 NA NA 2.5400×10-2 

ELPSO 

(Jordehi, 2018) 
1.7686 0.1591 14.4300 0.1150 0.000 NA NA 2.5400×10-2 

 371 

 372 

3.2  Validation on PV Modules 373 

In addition to PV cells, six different solar modules were also tested under various 374 

environmental conditions to extract the parameters and further validation of the proposed BA 375 

technique. The first module was Photowatt-PWP201 comprising of 36 polycrystalline silicon 376 

cells in series that operated at 45 °C and 1000 W/m2. The experimental I-V data of this 377 

module was obtained following the earlier work (Easwarakhanthan et al., 1986). The 378 

simulated I-V results are depicted in Appendix C, while the extracted parameters along with 379 

methods accuracy are summarized in Table 3, wherein the uncertainty percentage in the 380 

extracted parameters is also given.  381 
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Fig. 7 shows the curve fitting results for Photowatt-PWP201 solar module obtained by 382 

the proposed method. The calculated currents are shown to tally very well with the measured 383 

ones in both high and low voltage regions. With this method of simulation and parameters 384 

extraction, a lowest RMSE of (2.1256±0.002%) ×10-3 was achieved for Photowatt-PWP201 385 

solar module, implying higher accuracy of BA compared to that of several reported methods 386 

(Table 3). Moreover, the proposed technique does not require any manual initialization of 387 

parameters. Conversely, some optimization problems need to be continuously perturbed 388 

through parameters variation, thereby increasing the computational cost and leading to an 389 

entrapment in the local optimum. 390 

 391 
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 394 

Fig. 7. Simulated and experimental currents for single-diode model of Photowatt-395 

PWP201 solar module (a) and their I-V curves (b). 396 

 397 

 398 

Table 3. Comparison of various parameter extraction methods for single-diode model of 399 

Photowatt-PWP201 solar module comprising 36 polycrystalline silicon cells in series 400 

worked at 45 °C and 1000 W/m2. 401 
Method n Rs (W) Rsh (W) Il (A) Io (A) SAE MAE RMSE 

BA (proposed) 1.3356±0.006% 1.2184±0.003% 761.4900 1.0323±0.003% 2.9983±0.007% 43.0390×10-3 (1.6553±0.004%) ×10-3 (2.1256±0.002%) ×10-3 

PGJAYA (Yu et al., 

2019) 
1.3512 1.2013 981.8545 1.0305 3.4818 NA NA 2.4250×10-3 

HFAPS (Beigi and 

Maroosi, 2018) 
1.3512 1.2013  984.2813 1.0305 3.4842 NA NA 2.4251×10-3 

ER-WCA (Kler et 

al., 2017) 
1.3553 1.1963 961.0530 1.0306 3.6146 NA 1.5829×10-3 2.3558×10-3 

IJAYA (Yu et al., 

2017) 
1.3508 1.2016 977.3752 1.0305 3.4703 NA NA 2.4251×10-3 
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ISCE (Gao et al., 

2018) 
1.3512 1.2013 981.9823 1.0305 3.4823 41.7879×10-3 NA 2.4251×10-3 

EHA-NMS (Chen, 

Z. et al., 2016) 
1.3512 1.2013 981.9823 1.0305 3.4823 

41.7879k×10-

3 
NA 2.4250×10-3 

MPCOA (Yuan et 

al., 2014) 
1.3474 1.2030 849.6927 1.0319 3.3737 21.5100×10-3 2.6100×10-3 2.4250×10-3 

Newton 

(Easwarakhanthan 

et al., 1986) 

1.3458 1.2057 555.5556 1.0318 3.2875 NA 8.3200×10-3 7.8050×10-1 

PS (AlRashidi et 

al., 2011) 
1.3414 1.2053 714.2857 1.0313 3.1756 NA 5.3000×10-3 1.1800×10-1 

IP (Tong and Pora, 

2016) 
1.3106 1.2744 715.8240 1.0333 2.3326 NA 1.7600×10-3 NA 

GA (AlRashidi et 

al., 2011) 
1.3496 1.1968 555.5560 1.0441 3.4360 15.3479×10-2 8.8800×10-3 NA 

 402 

 403 

The performance of the proposed algorithm assessed by extracting the parameters of a 404 

mono-crystalline solar module (LEYBOLD 664 431) and simulating its I-V characteristics. 405 

This solar module was obtained from Leybold GmbH., which comprised of 20 series cells 406 

and operated at module temperature of 24 oC under outdoor sunlight intensity of 360 W/m2. 407 

The experimental I-V data was recorded manually via digital multimeters of type VC-408 

920/Voltcraft with error ±0.08% and 1% for the DC voltage and current, respectively, while a 409 

potentiometer was utilized as a variable load across the module terminals. As this solar 410 

module was tested under outdoor condition, there has been some variations/noises in the 411 

practically measured I-V data. The simulated results obtained using BA are summarized in 412 

Table 4. The extracted parameters were n = 1.2688±0.001%, Rs = 6.3944±0.005% W, Rsh = 413 

1973.35 W, Il = 0.1544±0.008% A and Io = 2.5087±0.008% nA. The BA revealed 414 

outstanding performance with a lowest RMSE value of (8.3838±0.007%) ×10-4.  415 

 416 

Table 4. Calculated/simulated results of BA for single-diode model of Leybold Solar 417 

Module (LEYBOLD 664 431) comprising of 20 series cells worked at 24 oC and outdoor 418 

sunlight intensity of 360 W/m2.  419 

Instance Voltage (V) Experimental Current (A) Simulated Current (A) Absolute Error 

1 0.000 0.1540 0.1540 0.0000 

2 0.370 0.1540 0.1538 0.0002 

3 0.670 0.1540 0.1537 0.0003 

4 0.990 0.1540 0.1535 0.0005 

5 1.310 0.1530 0.1533 0.0003 

6 1.670 0.1530 0.1531 0.0001 

7 3.100 0.1520 0.1524 0.0004 

8 4.600 0.1520 0.1517 0.0003 

9 6.000 0.1510 0.1508 0.0002 
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10 7.450 0.1500 0.1492 0.0008 

11 8.550 0.1440 0.1443 0.0003 

12 9.300 0.1340 0.1339 0.0001 

13 9.750 0.1230 0.1218 0.0012 

14 10.040 0.1120 0.1108 0.0012 

15 10.260 0.1020 0.1004 0.0016 

16 10.990 0.0550 0.0541 0.0009 

17 11.200 0.0370 0.0376 0.0006 

18 11.310 0.0281 0.0284 0.0003 

19 11.370 0.0227 0.0233 0.0006 

20 11.410 0.0190 0.0198 0.0008 

21 11.440 0.0160 0.0172 0.0012 

22 11.460 0.0142 0.0154 0.0012 

23 11.480 0.0127 0.0136 0.0009 

24 11.500 0.0120 0.0118 0.0002 

25 11.550 0.0060 0.0073 0.0013 

26 11.580 0.0030 0.0046 0.0016 

27 11.600 0.0020 0.0027 0.0007 

28 11.610 0.0010 0.0018 0.0008 

29 11.620 0.0010 0.0009 0.0001 

30 11.630 0.0006 0.0000 0.0006 

31 11.632 0.0003 0.0004 0.0001 

32 11.633 0.0002 -0.0003 0.0005 

33 11.636 0.0001 -0.0002 0.0003 

34 11.640 0.0001 -0.0001 0.0002 

35 11.650 0.0000 -0.0020 0.0020 

 SAE (2.4249±0.001%) ×10-2 

 MAE (6.9283±0.001%) ×10-4 

 RMSE (8.3838±0.007%) ×10-4 

 420 

Fig. 8 shows that the sensitivity of the proposed approach to the maximum power 421 

point (MPP) on the I-V curve is more pronounced in solar modules compared to that of the 422 

solar cells (Figs. 5 and 6).  Noteworthy, a superior extraction of single-diode parameters can 423 

be achieved by the proposed BA method compared to the other computational and heuristic 424 

algorithms.  425 
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 426 
 427 

 428 

Fig. 8. Simulated and experimental currents for single-diode model of Leibold Solar 429 

Module (LEYBOLD 664 431) (a) and their I-V curves (b). 430 

 431 

The third investigated module was a four series cells-based polycrystalline PV 432 

module (STE 4/100) purchased from Leybold GmbH. Experimental I-V data of this cell was 433 

measured at module temperature of 22 oC under indoor light intensity of 900 W/m2. The 434 

measured I-V and simulated I-V dataset obtained by the proposed BA along with the possible 435 

errors are enlisted in Table 5. Interestingly, the proposed method could effectively model the 436 

I-V behaviour of the module with a RMSE of (3.3392±0.004%) ×10-4. Consequently, the 437 

extracted parameters of this solar module were discerned to be n = 1.0304, Rs = 438 

2.5567±0.008% W, Rsh = 2184.82 W, Il = 0.0264±0.005% A and Io = 0.1298±0.001% nA. For 439 

commercial solar modules the estimated Rs presents lumped series resistance which is the 440 

total resistance of electrodes, Ohmic contact resistance and bulk resistance of the module 441 

active layer. 442 

     443 

Table 5. Results of BA for single-diode model of Leybold Solar Module (STE 4/100) 444 

comprised of 4 series cells operated at 22 oC under light intensity 900 W/m2.  445 

Instance Voltage (V) Experimental Current (A) Simulated Current (A) Absolute Error 

1 0.00 0.0264 0.0264 0.0000 

2 0.10 0.0264 0.0264 0.0000 
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3 0.30 0.0263 0.0263 0.0000 

4 0.50 0.0262 0.0262 0.0000 

5 0.70 0.0261 0.0261 0.0000 

6 0.90 0.0260 0.026 0.0000 

7 1.00 0.0259 0.026 0.0001 

8 1.10 0.0258 0.0259 0.0001 

9 1.20 0.0257 0.0259 0.0002 

10 1.30 0.0256 0.0258 0.0002 

11 1.40 0.0253 0.0256 0.0003 

12 1.50 0.0252 0.0253 0.0001 

13 1.60 0.0247 0.0247 0.0000 

14 1.70 0.0232 0.0231 0.0001 

15 1.80 0.0189 0.0196 0.0007 

16 1.90 0.0121 0.0125 0.0004 

17 1.95 0.0081 0.0071 0.0010 

18 2.00 0.0000 0.0003 0.0003 

 SAE (3.5644±0.008%) ×10-3 

 MAE (1.9802±0.007%) ×10-4 

 RMSE (3.3392±0.004%) ×10-4 

 446 

3.3  Modelling using BA under Different Environmental Conditions  447 

The performance assessment and validation of the proposed BA at different device 448 

temperatures and various solar irradiations were conducted on three commercial solar 449 

modules including KC200GT (multi-crystalline), SX3200N (multi-crystalline) and 1STH-450 

235WH (mono-crystalline) wherein the number of series cells (Ns) for these modules were 451 

54, 50 and 60, respectively. The experimental I-V data of the modules were retrieved from the 452 

previously reported parameters (Kler et al., 2017). The I-V characteristics at standard test 453 

condition (STC) together with the module parameters such as photocurrent (IphSTC), open 454 

circuit voltage (Voc), reverse saturation current (IoSTC), series resistance (RsSTC), shunt 455 

resistance (RshSTC) and temperature coefficients for short circuit current (Ki) were utilized to 456 

produce the experimental I-V characteristics at different temperature and irradiation 457 

conditions following expressions: 458 

𝐼𝜆 =
𝐺

𝐺𝑆𝑇𝐶
(𝐼𝜆𝑆𝑇𝐶

+ 𝐾𝑖∆𝑇)                         (20) 459 
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𝐼𝑜 = 𝐼𝑜𝑆𝑇𝐶
(

𝑇

𝑇𝑆𝑇𝐶
)

3

exp (
𝑞𝐸𝑔

𝑛𝑘
(

1

𝑇𝑆𝑇𝐶
−

1

𝑇
))                      (21) 460 

𝑅𝑠ℎ =
𝐺𝑆𝑇𝐶

𝐺
𝑅𝑠ℎ𝑆𝑇𝐶

                                       (22) 461 

𝑅𝑠 = 𝑅𝑠𝑆𝑇𝐶
                                                      (23) 462 

𝑉𝑜𝑐 = 𝑛𝑉𝑡𝑙𝑛
𝐼𝜆

𝐼𝑜
                                                 (24) 463 

𝐸𝑔 = 𝐸𝑔𝑆𝑇𝐶
(1 − 0.0002677∆𝑇)                     (25) 464 

where G and T are the irradiance and temperature values at which the module need to be 465 

modelled. EgSTC is the material bandgap at STC and is considered to be EgSTC = 1.12 eV for 466 

silicon cells and EgSTC = 1.6 eV for triple junction amorphous cells. 467 

 468 

3.3.1  Temperature Analysis 469 

In the first assessment, the modules with various cell temperatures of 25 °C, 50 °C 470 

and 75 °C at the fixed irradiance of 1000 W/m2 were considered. The parameters extracted by 471 

BA with RMSE values for different module temperatures are summarized in Table 6. Results 472 

revealed that BA model could extract well the devices parameters at different temperatures 473 

with competitive accuracy. The proposed model outperformed the Hybrid Firefly and Pattern 474 

Search Algorithms (Beigi and Maroosi, 2018). 475 

 476 

Table 6: Extracted parameters by BA for various solar modules operated at irradiance 477 

1000 W/m2 and different module temperatures. 478 

Parameter  KC200GT SX3200N 1STH-235-WH 

T = 25 oC    

n (Ns×n) 1.1787(63.65) 1.0968(54.84) 1.0900(65.40) 

Rs (W) 0.2699 0.2818 0.3648 

Rsh (W) 177.506 724.340 1777.600 

Il () 8.2213 8.9262 8.5394 

I () 6.8857×10-9 7.3834×10-8 2.3535×10-9 

RMSE 47.6092×10-3 13.1039×10-3 12.9375×10-3 
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T = 50 oC    

n (Ns×n) 1.1080(59.83) 1.0775(53.87) 1.0982(65.89) 

Rs (W) 0.3072 0.2902 0.3617 

Rsh (W) 174.963 734.592 1679.890 

Il () 8.3489 9.1513 8.7153 

I () 4.5846×10-8 1.4697×10-6 7.2932×10-8 

RMSE 24.4609×10-3 8.7261×10-3 14.4952×10-3 

    

T = 75 oC    

n (Ns×n) 1.0949(59.13) 1.0768(53.84) 1.0675(64.05) 

Rs (W) 0.3114 0.2896 0.3768 

Rsh (W) 175.016 1201.450 1253.930 

Il () 8.4741 9.3724 8.8926 

I () 6.0031×10-7 2.5100×10-5 7.3819×10-7 

RMSE 12.4216×10-3 6.0655×10-3 3.9505×10-3 

 479 

The experimental values and simulated/fitted curves of I-V characteristics for the 480 

modules at different cell temperatures are displayed in Figs. 9-11. The fitted I-V curves are 481 

shown to be in good agreement with the experimental ones over the entire range of the 482 

voltage records. Hence, BA model can be a competitive method to accurately extract the solar 483 

cells and modules parameters operating at various environmental conditions. Furthermore, an 484 

increase in the solar module’s temperature led to an increase in the value of Isc and reduced 485 

Voc. The observed increase in Isc with temperature was ascribed to the enhanced charge 486 

transport and increased generation current (Io). Conversely, the reverse trend of Voc change 487 

was attributed to the reduced p–n junction ability to separate electrons from holes in the 488 

photogenerated pairs. The ideality factor was dropped and approached unity with the rise of 489 

temperature, suggesting an improvement in the quality of charge transport within the 490 

semiconductor active layer of the devices. Furthermore, the parameters of the 491 

monocrystalline based solar module (1STH-235WH) were more sensitive to the temperature 492 

change compared to those of the multicrystalline ones (KC200GT and SX3200N). These 493 

findings were seen to be in good agreement with theoretical results and experimental 494 
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observations (Chander et al., 2015; Cuce et al., 2013; Muhammad, Fahmi F. et al., 2017; 495 

Radziemska, 2003).       496 

 497 

Fig. 9. Experimental and simulated I-V characteristics of KC200GT PV module worked 498 

at different temperatures  499 

 500 

Fig. 10. Experimental and simulated I-V characteristics of SX3200N PV module 501 

operated at different temperatures  502 
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 503 

Fig. 11. Experimental and simulated I-V characteristics of 1STH-235-WH PV module 504 

operated at different temperatures  505 

 506 

3.3.2  Irradiation Analysis 507 

For the assessment of BA model under various irradiances, the experimental results of 508 

the three modules operated at constant temperature of 25 °C and changing irradiances such as 509 

200 W/m2, 600 W/m2 and 1000 W/m2 were considered. Table 7 summarizes the extracted 510 

parameters at different irradiances. Results showed that BA could achieve low RMSE when 511 

utilized to simulate the I-V characteristics of solar modules at varied irradiances. The 512 

comparison between experimental and model results for KC200GT, SX3200N and 1STH-513 

235WH modules is illustrated in Figs. 12, 13, and 14, respectively. It is concluded that the 514 

proposed method can be relied on as a competitive model to simulate the I-V characteristics 515 

of solar cells and solar modules under different thermal and solar irradiation conditions, 516 

thereby extracting the five important parameters of single-diode model. The impact of 517 

increased illumination intensity on the PV parameters can be clearly seen, where Voc, Isc and 518 

Pm are simultaneously increased with the rise of solar irradiance. The overall trend was the 519 

improvement of the solar module’s performance upon the rise of irradiation, thereby 520 
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increasing the photogenerated current. Generally, the values of Il  and  I were found to 521 

enhance and Rs was reduced with the increase of illumination. However, there may be some 522 

deviations from these generalizations based on whether the modules are made from 523 

monocrystalline or multicrystalline semiconductor. In addition, the existence of some errors 524 

that may arise during experimental measurements and accuracy limitations of the proposed 525 

models used to import the modules parameters can lead to presence some discrepancies. For 526 

instance, experimental findings of Cuce et al. acknowledged that the ideality factor could 527 

decrease with the rise of illumination (Cuce et al., 2013). However, the model results 528 

displayed a reverse trend for the monocrystalline module (1STH-235WH), where the value of 529 

n was observed to increase with the increase of irradiance from 200 to 1000 W/m2.       530 

 531 

Table 7: Extracted parameters from BA for various solar modules operated at 25 oC 532 

and different solar irradiances. 533 

Parameter  KC200GT SX3200N 1STH-235-WH 

G = 1000 

W/m2 
   

n (Ns×n) 1.1787(63.65) 1.0968(54.84) 1.0900(65.40) 

Rs (W) 0.2699 0.2818 0.3648 

Rsh (W) 177.506 724.340 1777.600 

Il () 8.2213 8.9262 8.5394 

I () 6.8857×10-9 7.3834×10-8 2.3535×10-9 

RMSE 47.6092×10-3 13.1039×10-3 12.9375 

    

G = 600 W/m2    

n (Ns×n) 1.0215(55.16) 1.1077(55.38) 0.9935(59.61) 

Rs (W) 0.3285 0.2648 0.3911 

Rsh (W) 225.533 1159.660 461.124 

Il () 4.9365 5.3563 5.1291 

I () 2.8012×10-10 8.5715×10-8 2.7885×10-10 

RMSE 16.7598×10-3 18.1553×10-3 25.1033×10-3 

    

G = 200 W/m2    

n (Ns×n) 0.8851(47.79) 1.0047(50.24) 0.8473(50.84) 

Rs (W) 0.4195 0.3264 0.5758 

Rsh (W) 364.442 1094.700 690.779 

Il () 1.6464 1.7861 1.7098 

I () 9.0884×10-12 1.4427×10-8 6.4094×10-12 
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RMSE 21.5324×10-3 5.3443×10-3 18.0056×10-3 

 534 

 535 

Fig. 12. Experimental (data points) and simulated (fitted curves) I-V characteristics of 536 

KC200GT PV module at different irradiances.  537 

 538 

Fig. 13. Experimental (data points) and simulated (fitted curves) I-V characteristics of 539 

SX3200N PV module at different irradiances.  540 
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 541 

Fig. 14. Experimental (data points) and simulated (fitted curves) I-V characteristics of 542 

1STH-235-WH PV module at different irradiances.  543 

 544 

 545 

3.4 Sensitivity analysis and convergence speed  546 

The algorithms used to extract solar cells and modules parameters are usually 547 

sensitive to some initializations and fitting parameters. Our proposed BA based algorithm 548 

utilizes a set of I-V data, in which the four PV parameters, Voc, Isc, Vm and Im, are initially 549 

deduced by curve fitting, then they are used to extract the five PV cells/modules parameters. 550 

It was found that polynomial and Fourier curve fittings are well adopted to find each of Voc 551 

and Isc, respectively. However, we noticed that by changing the fitting type around Pm to 552 

extract Vm and Im, it is possible to better compensate for efficient extraction of the 553 

cells/modules parameters. Table 8 presents the results of different fitting types that were used 554 

around Pm for the R.T.C. France solar cell and Photowatt-PWP-201 solar module. One can 555 

notice that the polynomial curve fitting has contributed to the lowest RMSE of parameters 556 

extraction for both of the PV devices. Consequently, the second-degree polynomial curve 557 
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fitting was assigned to extract Vm and Im for all the datasets investigated by the proposed 558 

algorithm. 559 

 560 

Table 8. Utilization of different fitting types around Pm to show their effect on the 561 

efficiency of extracted PV cells and modules parameters.   562 

 Fitting type n Rs (Ω) Rsh (Ω) Iλ () Io (µA) RMSE  

R
.T

.C
. F

ra
n

ce 

so
la

r cell 

Gaussian  1.4630 0.0370 49.7426 0.7608 0.2690 8.2130×10-4 

Polynomial  1.4732 0.0367 52.4722 0.7608 0.2983 7.7897×10-4 

Spline  1.4690 0.0368 51.4048 0.7609 0.2866 8.7223×10-4 

Fourier  1.4732 0.0367 52.4722 0.7608 0.2983 7.7897×10-4 

Exponential  1.4853 0.0363 55.8511 0.7608 0.3348 1.4048×10-3 

Power series 1.4853 0.0363 55.8511 0.7608 0.3348 1.4048×10-3 

Sine  1.4146 0.0389 40.7110 0.7610 0.1658 5.1541×10-3 

P
h

o
to

w
a

tt-P
W

P
2

0
1
 

so
la

r m
o

d
u

le
 

Gaussian  1.2905 1.2740 757.1040 1.0324 1.9242 2.2957×10-3 

Polynomial  1.3357 1.2184 761.4900 1.0323 2.9984 2.1256×10-3 

Spline  1.3811 1.2586 14866.10 1.0307 4.6453 6.1884×10-3 

Fourier  1.3633 1.2240 1616.580 1.0314 3.9227 3.4522×10-3 

Exponential  1.3924 1.1917 1791.930 1.0314 5.0988 3.5561×10-3 

Power series 1.3311 1.3584 12254.20 1.0308 2.9250 8.1751×10-3 

Sine  1.3554 1.2364 17.4322 1.0314 3.6504 3.7012×10-3 

 563 

Further investigation on the robustness of the proposed algorithm was carried out by 564 

changing the value of ideality factor while recording the values of other four parameters and 565 

RMSE simultaneously. That is because in our proposed approach, n is considered to be the 566 

only independent variable in Eq. (16), while the other four parameters are dependent on n. 567 

For instance, by giving a specific value to n, each of the Rs, Rsh, Io and Iλ can be determined, 568 

respectively. Therefore, results of parameters extraction can be highly sensitive to the value 569 

of n. Consequently, it is imperative to initialize a range of n values with high decimals, by 570 

which the extraction of accurate parameters is guaranteed. It can be observed from Fig. 15 571 

that there exists a unique minimum RMSE at which the parameters can be efficiently 572 

extracted. The intersection points of the curves with the vertical line passing through the 573 

lowest RMSE present the values of the parameters accordingly.  574 



33 

 

0 1 2 3 4 5 6 7 8

-0.174

-0.087

0.000

0.087

-1410

-940

-470

0

0.000

0.017

0.034

0.051
0.756

0.770

0.784

0.798

0 1 2 3 4 5 6 7 8

0.000

0.027

0.054

0.081

 R
s
 (

W
)

n

 

R
s
h
 (

W
)

 I o
 (

A
)

 I l
 (


)

 

 R
M

S
E

minimum RMSE

 575 

Fig. 15. Dependency of the parameters on n while extracting their values at lowest 576 

RMSE. 577 

 578 

The sensitivity of the proposed algorithm to the percentage change in the PV 579 

cells/modules parameters was also analyzed by adding a relative error to each parameter from 580 

10% to -10% in steps of 1% while keeping the other parameters constant. Table 9 shows the 581 

variation in RMSE between the measured and calculated currents for the R.T.C. France solar 582 

cell and Photowatt-PWP-201 solar module as a result of the error inclusion, while the number 583 

inside parenthesis presents the value of the corresponding parameter. Noticeably, the 584 

proposed method is more sensitive to the deviation in the values of n and Rs, with less 585 

sensitivity to each of Iλ, Io and Rsh, respectively. It is worth to mention that by using the 586 
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proposed technique, the values of n, Rs, Iλ and Io are accurately extracted as the minimum 587 

RMSE was found to be located at 0% error of these parameters (Table 9). This extraction 588 

accuracy can be due to the consideration of n as the only independent variable in Eq. (16) to 589 

extract the rest of parameters, which is in agreement with the results presented in Fig. 15.  590 

Although the reduction in the value of Rsh has led to minimum RMSE at -2% and -5% of 591 

error for the solar cell and module, respectively, the presented errors are considered to be 592 

insignificant (≤0.05). As such, the proposed BA technique is capable of well extracting Rsh 593 

with trivially above the value at which RMSE is minimal. Consequently, a higher accurate 594 

value of Rsh can be deduced considering Rsh(1-0.02) and Rsh(1-0.05) for the solar cells and 595 

modules, respectively.                596 

 597 

Table 9. Variation in RMSE when a systematic relative error of ±10% is presented to 598 

each of the extracted parameters individually.   599 

Error 

(%) 

RMSE (Parameter value)  

for R.T.C. France solar cell 

RMSE (Parameter value) 

for Photowatt-PWP201 solar module 

n Rs (Ω) Rsh (Ω) Iλ (A) Io (µA) n Rs (Ω) Rsh (Ω) Iλ (A) Io (µA) 

10 

 

0.2205 

(1.6205) 

0.0048 

(0.0404) 

0.0011 

(57.7194) 

0.0678 

(0.8369) 

0.0207 

(0.3281) 

0.2910 

(1.4693) 

0.0090 

(1.3402) 

0.00288 

(837.6390) 

0.0859 

(1.1355) 

0.0275 

(3.2982) 

9 

 

0.2059 

(1.6058) 

0.0043 

(0.0400) 

0.0011 

(57.1947) 

0.0610 

(0.8293) 

0.0187 

(0.3251) 

0.2691 

(1.4559) 

0.0081 

(1.3281) 

0.00282 

(830.0241) 

0.0774 

(1.1252) 

0.0248 

(3.2683) 

8 

 

0.1898 

(1.5911) 

0.0038 

(0.0396) 

0.0010 

(56.6700) 

0.0543 

(0.8217) 

0.0166 

(0.3223) 

0.2457 

(1.4426) 

0.0073 

(1.3159) 

0.00275 

(822.4092) 

0.0689 

(1.1149) 

0.0221 

(3.2383) 

7 

 

0.1723 

(1.5763) 

0.0034 

(0.0393) 

0.0009 

(56.1453) 

0.0475 

(0.8141) 

0.0146 

(0.3192) 

0.2208 

(1.4292) 

0.0064 

(1.3037) 

0.00268 

(814.7943) 

0.0604 

(1.1046) 

0.0194 

(3.2083) 

6 

 

0.1531 

(1.5616) 

0.0029 

(0.0389) 

0.0009 

(55.6205) 

0.0407 

(0.8064) 

0.0125 

(0.3162) 

0.1943 

(1.4158) 

0.0056 

(1.2915) 

0.00262 

(807.1794) 

0.0519 

(1.0942) 

0.0167 

(3.1783) 

5 

 

0.1323 

(1.5469) 

0.0024 

(0.0385) 

0.0009 

(55.0958) 

0.0340 

(0.7988) 

0.0105 

(0.3132) 

0.1662 

(1.4025) 

0.0048 

(1.2793) 

0.00260 

(799.5645) 

0.0434 

(1.0839) 

0.0139 

(3.1483) 

4 

 

0.1097 

(1.5321) 

0.0020 

(0.0382) 

0.0008 

(54.5711)  

0.0272 

(0.7912) 

0.0084 

(0.3102) 

0.1365 

(1.3891) 

0.0040 

(1.2671) 

0.00253 

(791.9496) 

0.0349 

(1.0736) 

0.0112 

(3.1183) 

3 

 

0.0852 

(1.5174) 

0.0016 

(0.0378) 

0.0008 

(54.0464) 

0.0204 

(0.7836) 

0.0063 

(0.3072) 

0.1051 

(1.3758) 

0.0033 

(1.2550) 

0.00246 

(784.3347) 

0.0264 

(1.0633) 

0.0084 

(3.0884) 

2 

 

0.0589 

(1.5027) 

0.0012 

(0.0374) 

0.0008 

(53.5216) 

0.0137 

(0.7760) 

0.0042 

(0.3043) 

0.0719 

(1.3624) 

0.0027 

(1.2428) 

0.00244 

(776.7198) 

0.0179 

(1.0529) 

0.0058 

(3.0584) 

1 

 

0.0305 

(1.4879) 

0.0009 

(0.0371) 

0.0008 

(52.9969) 

0.0069 

(0.7684) 

0.0022 

(0.3013) 

0.0371 

(1.3491) 

0.0024 

(1.2306) 

0.00233 

(769.1049) 

0.0094 

(1.0426) 

0.0033 

(3.0284) 

0 

 

0.0008 

(1.4732) 

0.0008 

(0.0367) 

0.0008 

(52.4722) 

0.0007 

(0.7608) 

0.0007 

(0.2983) 

0.0021 

(1.3357) 

0.0021 

(1.2184) 

0.00229 

(761.4900) 

0.0021 

(1.0323) 

0.0021 

(2.9984) 

-1 

 

0.0324 

(1.4585) 

0.0010 

(0.0363) 

0.0008 

(51.9475) 

0.0067 

(0.7532) 

0.0024 

(0.2953) 

0.0381 

(1.3223) 

0.0026 

(1.2062) 

0.00225 

(753.8751) 

0.0081 

(1.0220) 

0.0039 

(2.9684) 

-2 

 

0.0671 

(1.4437) 

0.0014 

(0.0360) 

0.0007 

(51.4228) 

0.0135 

(0.7456) 

0.0045 

(0.2923) 

0.0783 

(1.3090) 

0.0032 

(1.1940) 

0.00221 

(746.2602) 

0.0165 

(1.0117) 

0.0065 

(2.9384) 

-3 

 

0.1039 

(1.4290) 

0.0018 

(0.0356) 

0.0008 

(50.8980) 

0.0203 

(0.7380) 

0.0066 

(0.2894) 

0.1203 

(1.2956) 

0.0039 

(1.1818) 

0.00217 

(738.6453) 

0.0250 

(1.0013) 

0.0093 

(2.9084) 
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-4 

 

0.1429 

(1.4143) 

0.0023 

(0.0352) 

0.0008 

(50.3733) 

0.0271 

(0.7304) 

0.0088 

(0.2864) 

0.1641 

(1.2823) 

0.0047 

(1.1697) 

0.00215 

(731.0304) 

0.0336 

(0.9910) 

0.0122 

(2.8785) 

-5 

 

0.1842 

(1.3995) 

0.0027 

(0.0349) 

0.0008 

(49.8486) 

0.0338 

(0.7228) 

0.0110 

(0.2834) 

0.2098 

(1.2689) 

0.0055 

(1.1575) 

0.00213 

(723.4155) 

0.0421 

(0.9807) 

0.0152 

(2.8485) 

-6 

 

0.2277 

(1.3884) 

0.0032 

(0.0345) 

0.0008 

(49.3239) 

0.0406 

(0.7152) 

0.0132 

(0.2804) 

0.2572 

(1.2556) 

0.0064 

(1.1453) 

0.00214 

(715.8006) 

0.0507 

(0.9704) 

0.0181 

(2.8185) 

-7 

 

0.2735 

(1.3701) 

0.0037 

(0.0341) 

0.0008 

(48.7991) 

0.0474 

(0.7075) 

0.0155 

(0.2774) 

0.3064 

(1.2422) 

0.0073 

(1.1331) 

0.00215 

(708.1857) 

0.0593 

(0.9600) 

0.0211 

(2.7885) 

-8 

 

0.3215 

(1.3553) 

0.0042 

(0.0338) 

0.0009 

(48.2744) 

0.0542 

(0.7000) 

0.0177 

(0.2744) 

0.3574 

(1.2288) 

0.0082 

(1.1209) 

0.00216 

(700.5708) 

0.0679 

(0.9497) 

0.0242 

(2.7585) 

-9 

 

0.3718 

(1.3406) 

0.0047 

(0.0334) 

0.0009 

(47.7497) 

0.0610 

(0.6923) 

0.0020 

(0.2715) 

0.4102 

(1.2155) 

0.0092 

(1.1087) 

0.00218 

(692.9559) 

0.0765 

(0.9394) 

0.0272 

(2.7585) 

-10 

 

0.4243 

(1.3259) 

0.0052 

(0.0330) 

0.0010 

(47.2250) 

0.0678 

(0.6847) 

0.0022 

(0.2685) 

0.4648 

(1.2021) 

0.0101 

(1.0966) 

0.00221 

(685.3410) 

0.0851 

(0.9291) 

0.0303 

(2.6986) 

 600 

The presence of noise or error in the measured I-V data is another issue which acts 601 

upon reducing the sensitivity of the methods used to extract solar cells and modules 602 

parameters. In this context, a random noise with various relative errors was added to the 603 

experimental current data of R.T.C. France solar cell, as follows (Zhang et al., 2011): 604 

𝐼𝑤𝑖𝑡ℎ_𝑛𝑜𝑖𝑠𝑒 = 𝐼𝑤𝑖𝑡ℎ𝑜𝑢𝑡_𝑛𝑜𝑖𝑠𝑒(1 + 𝑝𝑒𝑟𝑐𝑒𝑛𝑡 × 𝑒𝑟𝑟𝑜𝑟)                       (26) 605 

As such, the noisy data were used to extract device parameters with the proposed BA 606 

approach. Fig. 16 shows the percentage of relative error in the extracted parameters for 607 

different intensity of the typical random error. It was seen that when the noise relative 608 

intensity is 5%, the error for n is about 4%, while for Rs is about 4.6%, suggesting good 609 

stability of our proposed BA method under different experimental errors. It is known that 610 

calculated current is more sensitive to n, Rs and Iλ than Rsh and Io (see Table 9). Therefore, the 611 

relatively high percentage error in the extracted I0 and Rsh does not affect the validity of our 612 

proposed method. 613 
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Fig. 16. The change in absolute relative error of the extracted parameters when a 615 

random error with different relative intensity is added to the experimental data. 616 

 617 

In addition to the experimental errors arise in the measured I-V, there might be 618 

uncertainties in the measured irradiance and temperature of solar cells/modules. Hence, it is 619 

also interested to observe the impact of errors that are introduced by the outdoor conditions. 620 

Since PV cell temperature (T) is an inherent variable in the equation of single-diode 621 

modelling and presenting itself in almost all the equations, we made further investigations on 622 

the impact of error in the measured temperature on the extracted parameters. Nevertheless, a 623 

relatively linear effect of irradiance error on the deviation of PV cells/modules parameters 624 
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can be noticed from Eq. (20) to Eq. (24). The change in relative error of the extracted 625 

parameters of R.T.C. France solar cell and Photowatt-PWP201 solar module with respect to 626 

the errors in measured temperature is shown in Fig. 17. One can notice that for the R.T.C. 627 

solar cell, over a broad range of temperature error from -5% to +5%, there exists a zero-628 

relative error for all the extracted parameters except for the ideality factor, of which it is 629 

considered insignificant, since error < 5% (see Fig. 17(a)).  However, this was seen to be 630 

different for the Photowatt-PWP201 solar module, where Rsh and Io have been highly affected 631 

by the presence of error in measured T from 1% to 5%. This is where the introduction of a 632 

negative error, from -1% to -5%, has led to accurate extraction of Rsh and Io with a zero-633 

relative error. Therefore, it is concluded that the proposed BA method has a high tolerance to 634 

the error of measured temperature when it is applied to extract the solar cell parameters. It is 635 

worth to mention that PV cell’s temperature need to be accurately measured in order to well 636 

extracting the device parameters, especially when PV modules are under investigation.                637 

-0.08 -0.06 -0.04 -0.02 0.00 0.02 0.04 0.06
-6

-3

0

3

6-1.0

-0.5

0.0

0.5

1.0-1.0

-0.5

0.0

0.5

1.0-1.0

-0.5

0.0

0.5

1.0

-0.08 -0.06 -0.04 -0.02 0.00 0.02 0.04 0.06

-1.0

-0.5

0.0

0.5

1.0

 

R
e
la

ti
v
e
 e

rr
o
r 

in
 t
h
e
 e

x
tr

a
c
te

d
 p

a
ra

m
e
te

rs
 (

%
)

Error in measured temperature

 n

 

 Rs

 

 Rsh

 

 Il

 

 

 Io (a)

-0.08 -0.06 -0.04 -0.02 0.00 0.02 0.04 0.06

0

2

4

6
0.0

1.1

2.2

3.3

0

650

1300

1950

-0.0048

-0.0032

-0.0016

0.0000

-0.08 -0.06 -0.04 -0.02 0.00 0.02 0.04 0.06

0

23

46

69

 

R
e

la
ti
v
e
 e

rr
o
r 

in
 t

h
e

 e
x
tr

a
c
te

d
 p

a
ra

m
e
te

rs
 (

%
)

Error in measured temperature

 n

 

 Rs

 

 Rsh

 
 Il

 

 

 Io (b)

 638 
 639 



38 

 

 640 

Fig. 17. The change in relative error of the extracted parameters of R.T.C. France solar 641 

cell (a) and Photowatt-PWP201 solar module (b) against error in the measured 642 

temperature. 643 

 644 

Interestingly, by using the proposed BA approach, the whole process of parameters 645 

extraction takes few seconds. Fig. 18(a) shows that only seven iterations are sufficient to 646 

arrive at the best solution with a stable minimum RMSE between the experimental and 647 

calculated data. In each iteration, the tuning range of n is narrowed down towards the local 648 

minima while maintaining five decimal points for n in the final iteration. It is seen from Fig. 649 

18(b) that less than one second is required to complete one iteration and hence the whole 650 

computation time is about 5 seconds. This indicates the fast convergence speed for the 651 

proposed BA based algorithm, thereby achieving low computational cost yet with high 652 

efficiency when it comes to extract the parameters of solar cells and modules parameters.  653 

Achieving a right balance between the execution time and accuracy of parameters 654 

extraction are considered to be crucial for efficient modelling of solar cells and modules. 655 

Very recently, three-diode modelling was proposed as alternatives to the single-diode and 656 

double-diode modelling for industrial PV devices (Allam et al., 2016; Khanna et al., 2015). It 657 

was however claimed that three-diode model is capable of better interpreting the charge 658 

transport and recombination behaviours within the bulk active layer of these devices, the 659 

utilized algorithms used for the parameters extraction are time consuming and lose their 660 

ability to provide accurate solutions, especially with the increased number of the estimated 661 

parameters (Allam et al., 2016). Comparably, the single-diode model is well adopted to 662 

rapidly determine the conventional solar cell/module parameters without compromising on 663 

efficiency. However, it faces some limitations when it comes to extract the parameters of 664 
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organic-based, Perovskite and dye-sensitized solar cells (Grätzel, 2003; Muhammad and 665 

Sulaiman, 2011; Snaith et al., 2014). This is because of the non-uniformly distributed series 666 

resistance in these types of PV devices, where interfacial behaviour and nano-phased donor-667 

acceptor boundaries playing a major role in easily modifying the I-V shape compared to those 668 

of the inorganic solar cells.             669 
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Fig. 18. Minimization of RMSE with the change of n per iteration (a) and computation 675 

time required for the whole process of parameters extraction within seven iterations (b). 676 

 677 

3.5 Comparison with practically measured parameters  678 

The proposed BA based method was also applied to extract parameters of blue and 679 

grey solar cells, thereby making a comparison with their practically measured parameters 680 

(Charles et al., 1981) and analytically extracted ones (Cubas et al., 2014b), as shown in Table 681 

10. Noticeably, the extraction results showed great closeness of n, Rs, Io and Iλ to the 682 

benchmark values. However, the extracted Rsh was seen to be trivially higher than that of the 683 

practically measured one. This can be due to the sensitivity characteristic of the proposed BA 684 

based approach which might be originated from the assumption of neglecting exp (
𝑅𝑠𝐼𝑠𝑐

𝑛𝑉𝑡
) in 685 

the initially derived equations. Noteworthy, the higher error in the extracted Rsh compared to 686 
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that of the other parameters does not affect the validity of our proposed method as it was 687 

previously demonstrated that calculated current is less sensitive to Rsh (see Table 9). 688 

  689 

Table 10. Comparison of the extracted parameters for blue and grey solar cells 690 

Device Method n Rs (W) Rsh (W) Iλ (A) Io (A) 

B
lu

e S
C

 

BA (proposed) 1.51±0.04 0.066±0.007 1104±15 0.1023±0.0001 (110±10) ×10-9 

Practical/Benchmark (Charles et al., 1981)  1.51±0.07 0.07±0.009 1000±50 0.1023±0.0005 (110±50) ×10-9 

Analytical (Cubas et al., 2014b) 1.51 0.0652 1093 0.1023 111 × 10-9 

G
rey

 S
C

 

BA (proposed) 1.72±0.06 0.08±0.01 26.5±0.3 0.5625±0.0002 (5.41±1) ×10-6 

Practical/Benchmark (Charles et al., 1981)  1.72±0.08 0.08±0.01 26±1 0.5625±0.0005 (6±3) ×10-6 

Analytical (Cubas et al., 2014b) 1.72 0.0781 26.25 0.5627 5.4 × 10-6 

 691 

 4.  Conclusions   692 

A new approach was used on the single-diode equation for the simple and efficient 693 

extraction of the solar cells and modules parameters, thereby simulation of the I-V 694 

characteristics of these devices. This led to the derivation of a non-linear formula for Rs 695 

wherein BA was used to solve. The value of Rs was accurately estimated at every fine-tuned 696 

point of n, which was further used to determine all other devices parameters. The set of 697 

parameters having lowest RMSE value between the experimental and simulated I-V data were 698 

selected to be the best solution. The proposed BA based method was tested and validated on 699 

ten different solar cells and modules under diverse temperatures and irradiations. I-V 700 

simulation of R.T.C. France and PVM 752 GaAs solar cell revealed the lowest RMSE value 701 

of 7.79×10-4 and 2.11×10-4, respectively. The Photowatt-PWP201, LEYBOLD 664 431 and 702 

STE 4/100 solar modules exhibited the respective RMSE value of 2.13×10-3, 8.38×10-4 and 703 

3.34×10-4. The proposed BA model disclosed excellent performance when tested on various 704 

solar modules operated at different cell temperatures and under varied solar irradiations. In 705 

short, it outperformed several previously reported computational and heuristic algorithms 706 
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used to extract the parameters of single-diode model for solar cells and solar modules under 707 

varying environmental conditions.  708 
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France solar cell worked at 33 oC and irradiation of 1000 W/m2. 722 
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Appendix B. Simulation results obtained via BA for single-diode model of PVM 752 725 

GaAs thin film cell operated at 25 °C and irradiation of 1000 W/m2.  726 
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Appendix C. Simulation results obtained using BA for single-diode model of Photowatt-729 

PWP201 module comprised of 36 polycrystalline silicon cells in series operated at 45 °C 730 

and 1000 W/m2.  731 
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