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Estimation of Photovoltaic Cell Parameters using 

the Honey Badger Algorithm 

Dieudonné Marcel Djanssou, Abdouramani Dadjé, Noël Djongyang 

Abstract: Optimal estimation of the intrinsic parameters of 

photovoltaic cells requires the use of meta-heuristics to increase 

their efficiency. This paper highlights the estimation of unknown 

parameters of a PV cell and module. For this purpose, the meta-

heuristic optimization algorithm based on the Honey Badger 

Algorithm (HBA) principle is used. The simulation results via 

MATLAB prove that this algorithm has a good convergence. 

Indeed, the root mean square error (RMSE) is 9.8602×10-4, 

9.8602×10-4, 2.4251×10-3, 1.7298×10-3 and 1.6783×10-2 for the 

single diode, dual diode, Photowatt-PWP201, Schutten Solar 

STM6-40/36 and the STP6-120/36 module respectively. 

Furthermore, the curves representing the current-voltage and 

power-voltage characteristics of the calculated unknown 

parameters versus those of the practical data measured from a 

PV cell/module datasheet coincide. The proposed algorithm can 

therefore be classified in the literature as one of the optimal 

parameter extraction techniques. 

Keywords: Honey Badger Algorithm; Metaheuristic Algorithms; 

Photovoltaic Cells; Parameter Estimation 

I. INTRODUCTION

The global energy deficit has led to the development of

new energy sources, including solar energy, which is a 

clean, available and free energy source [1]. The key element 

in solar energy production is the photovoltaic (PV) cell. 

Assembled in series and/or parallel, they form the 

photovoltaic panel [2]. To obtain the appropriate electrical 

power, the panels are in turn assembled in series and/or in 

parallel to form the photovoltaic field. The design, 

prediction, sizing, diagnosis, and maintenance of 

photovoltaic installations require a reliable and accurate 

model of the cell, the panels, and the photovoltaic field. In 

the literature, three different models, namely: One-diode, 

two-diode, and three-diode models, have been established. 

These models are characterized by parameters that have to 

be extracted accurately. Obtaining these different parameters 

remains a crucial and primary problem. Several methods 

have been developed in the literature for the estimation of 

the best PV parameters; these methods can be classified into 

four categories. [3] These are analytical, numerical, 

evolutionary, and hybrid methods.  
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Among the existing methods to obtain the parameters of a 

PV, the characteristic current-voltage equation is the most 

appropriate, as it contains all the properties and parameters 

of the PV. However, the transcendence of this equation 

makes it difficult to solve, as it leads to an optimization 

problem. To face this problem, meta-heuristics are probably 

the most efficient methods, as they have been proven to 

solve several problems in various fields. The application of 

analytical, numerical, evolutionary, and hybrid methods 

shows that the accuracies obtained vary from one method to 

another [4]. In the analytical method, usually used in the 

process of estimating the parameters of a photovoltaic cell 

or module, a set of transcendental equations is solved to find 

the unknown parameters of the solar cell or panel. The main 

advantage is the speed of calculation and the relative 

accuracy of the results because they solve the explicit 

analytical equations, thus requiring less computational time 

as sometimes only one analytical equation is needed to 

obtain the solution of a parameter. Although it has the 

advantages of simplicity and relatively short calculation 

time, it is not always easy to apply, as it requires many data 

points of the I-V characteristic, which makes the calculation 

more complex [5]. Analytical methods include Chebyshev 

polynomials [6] [7], the Lambert function W and the Taylor 

[8], or series expansion [9]. Five parameters are estimated 

by some of these methods, while only the series resistance 

and the parallel resistance are extracted by others. As they 

are only suitable for standard conditions, they are not very 

efficient when it comes to unstable atmospheric condition 

[10]. Recently, evolutionary or intelligent methods using 

artificial intelligence techniques have been widely used to 

estimate PV module parameters due to their accuracy and 

reliable performance. These numerical methods with curve 

fitting techniques are better than the analytical methods. The 

algorithms of these methods give accurate results based on 

the evaluation of all points of the current-voltage and power-

voltage characteristics. These evolutionary methods are 

global optimization techniques that do not impose any 

restrictions on the problem formulation and have the ability 

to solve various complex problems [11]. Many works are 

based on some of the most popular evolutionary algorithms 

such as Genetic Algorithms (GA) [12], Particle Swarm 

Optimization (PSO) [13], Simplified Coupling Optimization 

(SBMO) [14], Cat Swarm Optimization (CSO) [15], 

Artificial Bee Swarm Optimization (ABSO) [16], Bacterial 

Search Optimization (BF) [17], Flower Pollination 

Algorithm (FPA) [18], Differential Evolution Algorithm 

with Adaptive Mutation (DEAM) [19], Evolutionary 

Algorithm (EA) based on the analytical method [20], 

Artificial Neural Network Algorithm (ANN) [21], [22], 

Cuckoo Search Algorithm (CS) [23], [24],Whale 

Optimization Algorithm (WOA) [25], [26], [27].
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Harmony Search (HS) [27] Bald Eagle Search (BES) 

Algorithm [28].  

Other more recent references [29], [30], [31] have 

extensively reviewed parameter estimation methods for 

single and multiple diode PV modules. From these analyses, 

it appears that meta-heuristic algorithms are better for 

extracting parameters from PV cells and panels compared to 

the analytical and numerical approach, although they also 

have inherent drawbacks. For example, the initial 

population, which remains very sensitive to the HS 

algorithm, PSO which encounters premature convergence 

problems, ABC when the system is in steady-state, is poor 

and CS converges slowly [11]. The present paper deals with 

a recent approach based on the Honey Badger Algorithm 

(HBA) to extract the optimal parameters of a cell and 

photovoltaic panels. The results obtained have been 

compared to other methods in the literature, and from this 

comparison, it is found that the HBA algorithm is accurate 

and reliable. Thus, HBA can be an efficient alternative for 

parameter extraction. This is the main contribution of our 

work: to propose a new algorithm (HBA) for the extraction 

of parameters of different cell models and photovoltaic 

panels. 

II. MODEL OF THE PHOTOVOLTAIC CELL 

To model the PV cell, the scientific community proposes 

three models. The one-diode model (Fig.1) is the most 

classical one described in the literature [32], [33]. It is 

preferred for its mathematical simplicity and accuracy [34]. 

Equations (1), (2) and (3) describe this model [2], [35]. The 

two-diode model (Fig.2) is nowadays the closest equivalent 

model of a photovoltaic cell, where the cell is presented as a 

current source with two diodes in parallel [36], [37]. 

Equations (4), (5), and (6) describe this model. 

 
Fig. 1. One diode PV cell equivalent circuit. 

 
Fig. 2. Two diodes PV cell equivalent circuit. 

Equation (1) describe the model shown in Fig 1. 

( ))
1

s s
ph sd

p

q V R I V R I
I I I exp

n K T R

 +   + 
= − − −      

   (1) 

Five unknown parameters:  𝐼𝑝ℎ,𝐼𝑠𝑑 ,𝑅𝑠,𝑅𝑝,𝑛. 

Equations (2) describe the model shown in Fig. 2. 

( ) ( )
1 2

1 2
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                              (2) 

The unknown model parameters to be estimated are: 1 2 1 2, , , , , ,ph sd sd s pI I I R R n n  

III. PROBLEM FORMULATION 

The main objective is to derive the mathematical model of a PV cell or module by accurately estimating the various 

unknown parameters that characterize this model. These different parameters are the single diode model (Fig.1), and the two-

diode model (Fig. 2). To extract the best parameters of a photovoltaic cell or module using meta-heuristic methods, the 

problem can be defined as an optimization problem where the objective is to minimize the difference between the measured 

and estimated currents. The optimization techniques are based on the principle of identifying the best vector X that 

minimizes the objective function. In the literature, the objective function defined as the difference between the measured and 

estimated currents is usually quantified by the mean square error 

( )
2

1

1

=

= − , ,
( ) ( )

N

k mes k ext

k

RMSE X I I X
N

                                (3) 

N : the set of several measurement points of the current-voltage characteristic; 

,k mes
I  : the set of points of the experimentally measured current; 
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,k ext

I  : the estimated currents too have an estimated current-voltage characteristic ( ,
i i

V I  ) very close to the measured one 

( ,
mes mes

V I ), the expression of the estimated current for the one-diode model should be defined as follows [28]: 

                                    

( )

 

( , , ) 1

, , , ,

s s
ph sd

p

ph sd s p

q V + R × I V R I
f V I X I I exp

n× K×T R

X I I R R n

    + 
= − − −     

   


=

                     (4) 

For the two-diode model: 
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The fitness function (single diode model) is expressed as: 
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2

,

1

1
( ( )) 1

N
k,mes s k,mes k,mes s k,mes

k mes ph sd

k sh

q V + R × I V + R × I
Min RMSE X I I I exp

N n× K×T R=

   
 = − + − +  

   
   

 (6) 

The fitness function (double diode model) is: 
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RMSE(X): is the objective function to minimize 

IV. HONEY BADGER ALGORITHM (HBA) 

A. Inspiration 

The Honey Badger Algorithm (HBA) mimics the badger's investigation of food. To find a food source, the badger can either 

smell and dig or follow a honeyguide bird. We call the first case the digging mode and the second the honey mode. In the 

first case, the badger uses its sense of smell to pinpoint the approximate location of its prey; when successful, it moves 

around it to find a better position to dig and catch its prey. In the second mode, the badger takes the guide of the honeyguide 

bird to directly locate the hive [38]. 

B. Mathematical model 

HBA revolves around the dig and honey phases. These two phases are enough to update the positions of the badgers. The 

excavation phase is described as follows. 

     new prey prey 3 i 4 5x = x + F×b× I× x + F×r ×a×d × cos(2pr )× 1- cos(2pr )                                                     (8) 

Where: 

 xnew is the current position of the badger ; 

xprey  is the best position ; 

b is the badger's ability to obtain food,  

r3, r4, and r5 are random numbers between 0 and 1; 

 Ii is the smell intensity of the prey; 

 S is the strength of the source; 

di distance between the prey and the ith badger; 

α is the density factor ;  

 F the flag. 

They are expressed as follows: 
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6 0.5r 
                                                (13) 

Where: 

 t representing the current iteration, 

 tmax the maximum number of iterations,  

r2 and r6 are random numbers in the interval [0, 1]. 

When the honey badger follows the honeyguide bird, 

represented by equation (14) it is called the honey phase. 

1new prey ix = x +Fr d                                                      (14) 

Where r1 is a random number in the range [0, 1].  

Pseudo-code of Honey Badger Algorithm (HBA) is given as 

follows: 

 

V. RESULTS AND DISCUSSION 

Five case studies were implemented. The same parameters for each case study. The maximum number of iterations was set 

to 1000; the number of users Nu to 50 and 10 executions were performed for each case. The current was calculated from the 

estimated values based on the model and compared with that obtained from the experimental measurements. The error was 

evaluated by IAE (Individual Absolute Error) Refer to (19) and RE (Relative Error) Using (20). 

mesured estimatedIAE I I= −                                                  (19) 

( ) /mesured estimated mesuredRE I I I= −                                  (20) 

The lower and upper bounds are fixe in Table I [39], [40]: 

Table-I: Terminals 

parameters Single and double diode Photowatt-PWP201 STM6-40/36 STP6-120/36 

 Lower bound 
Upper  

bound 

lower 

bound 

Upper  

bound 

lower 

bound 

Upper  

bound 

lower 

bound 

Upper  

bound 

𝑛, 𝑛1,𝑛2, 1 2 1 50 1 60 1 50 

𝑅𝑃(Ω) 0 100 0 2000 0 1000 0 1500 

𝑅𝑠(Ω) 0 0.5 0 2 0 0.36 0 0.36 

𝐼𝑑,𝐼𝑑1,𝐼𝑑2,(𝜇𝐴) 0 1 0 50 0 50 0 50 

𝐼𝑝ℎ(𝐴) 0 1 0 2 0 2 0 8 

A. Case 1: One-Diode Model 

The data of the current-voltage characteristic is that subjected to an irradiance G=1000 W/m2 and a temperature T=33°C. 

The manufacturer's data and the characteristic data are available in. Table II and Table III gives us the best results obtained 

by the proposed method. A comparative study is also made with,  [41], [42] and [43] based on the RMSE. In these tables, we 

see that the proposed method presents results with an RMSE=9.8602x10-4, compatible with the literature data. We recall that 

these different comparison results are the best currently available in the literature.  

Table-II: Results obtained from a single diode 
Algorithm Iph (A) Isd (μ A) RS(Ω) Rp (Ω) n RMSE 

HBA 0.7607 0.3230 0.03637 53.7185 1.4811 9.8602e-04 

BES [28] 0.7607 0.3230 0.0364 53.7185 1.4812 9.8602e-04 

TLBO [44] 0.7607  0.3294 0.0363 54.3015 1.4831 9.8733e-03 

TLABC [45] 0.7608  0.3230  0.0364  53.7164  1.4812 9.8602e-04 

GOTLBO [41] 0.7608  0.3297  0.0363  53.3664  1.4833  9.8856e-04 

CLPSO [43] 0.7608  0.3430  0.0361  54.1965  1.4873  9.9633e-04 
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The parameters thus obtained were used to plot the current-voltage characteristic in Fig. 3. The corroboration between the 

measurement (in red) and the estimate (in blue) demonstrates the accuracy of the algorithm. 

 

(a): I-V 

 
(b): P-V 

Fig. 3.Plot of the two characteristics for the model with one diode (a), (b)  

 

Fig. 4. Relative error one diode 

 

 

https://www.openaccess.nl/en/open-publications
http://www.ijeat.org/


 

Estimation of Photovoltaic Cell Parameters using the Honey Badger Algorithm 

114 

Retrieval Number: 100.1/ijeat.E35520611522 
DOI: 10.35940/ijeat.E3552.0611522 
Journal Website: www.ijeat.org   

Published By: 

Blue Eyes Intelligence Engineering 

and Sciences Publication (BEIESP) 
© Copyright: All rights reserved. 

Fig 4 plots the evolution of the curve representing the relative error RE between -0.005265 and 0.247814, which 

demonstrates the high efficiency obtained by the HBA algorithm for this model. 

 

Fig. 5.Individual Absolute Error one diode 

The values of IAE obtained are less than 0.003061 visible in Fig.5 

 

Fig. 6. Fitness for one diode 

Fig. 6 shows the evolution of the objective function which converges before 100 iterations; which represents a good 

performance in terms of speed. 

Table-III: Statistical for one diode 

Algorithm RMSE 

 Min Mean Max std 

HBA 9.8602e-04 9.8602e-04 9.8602e-04 1.1596e-16 

BES 9.8602e-04 9.8602e-04 9.8602e-04 2.6314e-13 

TLBO 9.8722e-04 1.0476e-04 1.0397e-03 6.59e-05 

TLABC 9.8602e-04 9.9852e-04 1.2358e-03 1.86e-05 

GOTLBO 9.8602e-04 1.4388e-03 1.0289e-03 1.01e-04 

CLPSO  9.9455e-04 1.0507e-03 1.1865e-04 4.6730e-05 

B. Case 2: Two-Diode Model 

Table IV shows the results of the best parameters obtained by the HBA algorithm.  The RMSE obtained is 9.8602x10 -4. It is 

clear that the HBA algorithm also performs well. In Fig. 10, we have the convergence curve of the HBA algorithm.  

Table -IV: Results obtained from the double diode model 

Algorithm  Iph (A)  Isd1 (μ A)  Isd2 (μ A) RS(Ω)  Rp (Ω)  n1 n2 Best RMSE 

HBA 0.7607 0.0000 0.3230 0.0363 53.7185 2.0000 1.4811 9.8602e-4 

BES  0.7608 0.2259 0.7493 0.0367 55.4854 1.4510 2.000 9.8248e-4 
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TLBO  0.7610 0.2947 0.1373 0.0366 53.1210 1.4730 1.9938 1.0069e-03 

TLABC  0.7608 0.4239 0.2401 0.0367 54.6680 1.9075 1.4567 9.8415e-4 

GOTLBO  0.7608 0.2717 0.2595 0.0366 53.6187 1.4668 1.9161 9.9544e-4 

CLPSO  0.7606 0.2875 0.2686 0.0366 55.2895 1.9586 1.4652 9.9224e-4 

 

(a): I-V 

 

(b): P-V 

Fig. 7.Plot of the two characteristics for the model with two diodes (a),(b)  

Fig. 7 above clearly shows that the I-V and P-V curves representing the data simulated by the HBA algorithm are very 

consistent with the experimental data. 

 

Fig. 8.Individual Absolute Error two-diode 

According to Fig. 8, all AEI values are less than 0.003061 

https://www.openaccess.nl/en/open-publications
http://www.ijeat.org/


 

Estimation of Photovoltaic Cell Parameters using the Honey Badger Algorithm 

116 

Retrieval Number: 100.1/ijeat.E35520611522 
DOI: 10.35940/ijeat.E3552.0611522 
Journal Website: www.ijeat.org   

Published By: 

Blue Eyes Intelligence Engineering 

and Sciences Publication (BEIESP) 
© Copyright: All rights reserved. 

 

Fig. 9. Relative Error two-diode 

Fig. 9 shows the RE values which range from -0.005265 to 0.247814, demonstrating the high efficiency identified by HBA 

for a model of two-diode. 

 

Fig. 10.Fitness for the two-diode models 

From fig. 10 we can see that the objective function reaches its minimum at 30 iterations, which reflects the rapid 

convergence of the algorithm. Table V shows the statistical results. From this table, we can see that HBA obtains good 

minimum RMSE values. 

Table-V: Statistical results for two diode 

Algorithm RMSE 

 Min  Mean Max std 

HBA 9.8263e-04 9.8568e-04 9.8602-04 1.0710e-06 

BES 9.8248e-04 9.9518e-04 1.1881e-03 4.6013e-05 

TLBO 1.0069e-03 1.1598e-03 1.5206e-03 1.56e-04 

TLABC 9.8415e-04 1.0555e-03 1.5048e-03 1.54e-06 

GOTLBO  9.8407e-04 1.4380e-03 1.0453e-03 1.01e-04 

CLPSO  9.9224e-04 1.0522e-03 1.1462e-03 4.3141e-05 

C. Case 3: PV Module. 

Table -VI: Results obtained from the Photowatt-PWP-201 model 
Algorithm  Iph (A)  Isd (μ A)  RS(Ω)  Rp (Ω)  n  RMSE 

HBA 1.0305 

 

3.4822 

 

1.2012 981.994 

 

48.6428 2.4251e-03  

BES 1.0305 3.4823 1.2013 981.9824 48.6428 2.42507e-03 

TLBO 1.0305 3.4872 1.2011 984.8760 48.6482 2.4251e-03 

TLABC 1.0306 3.4715 1.2017 972.9357 48.6313 2.4251e-03 

GOTLBO  1.0305 3.4991 1.2008 989.6889 48.6611 2.4251e-03 

CLPSO   1.0304 3.6131 1.1978 1017.0 48.7847 2.4280e-03 

The results presented in Table IV and Table VII compared with other algorithms show the reliability of the algorithm. The 

RMSE obtained by HBA is equal to 0.0024251. 
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(a): I-V 

 

(b): P-V 

Fig. 11.Plot of the two characteristics for Photowatt PWP 201 (a), (b)  

The P-V and I-V characteristic curves of the data simulated by the HBA algorithm are presented in Fig. 11. It is found that 

they are compatible with the experimental data. 

 

Fig. 12.Relative Error Photowatt-PWP201 
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Fig. 13.Individual Absolute Error Photowatt-PWP201 

Figs. 12 and 13 show AEI values that are less than 4.418×10-3 and RE values that range from -6.44×10-3  and 1.3167×10-1, 

which demonstrates the high efficiency identified by HBA. 

 

Fig. 14.Fitness for Photowatt-PWP201 

According to the Fig.14 HBA converges very quickly with Photowatt Watt-PWP 201 

Table-VII: Statistical results 

Algorithm RMSE 

 Min  Mean Max std 

HBA 2.4e-3 2.4e-3 2.4e-3 2.6525e-11 

BES 2.42507e-3 2.42507e-3 2.42507e-3 2.4532e-17 

TLBO 2.4251e-03 2.4383e-03 2.5475e-03 2.43e-05 

TLABC 2.4251e-03 2.4265e-03 2.4458e-03 4.00e-06 

GOTLBO  2.4251e-03 2.4852e-03 2.4419 e-03 1.38e-05 

CLPSO  2.4280e-03 2.4549e-03 2.5432e-03 2.5809e-05 

D. Case 4: STM6-40/36 PV module 

The results show refer to Table VIII and Table IX that HBA provides an RMSE of: 0.0017298. 

Table-VIII: Results obtained from Solar STM6-40/36 PV model 

Algorithm  Iph (A)  Isd (μ A)  RS(Ω)  Rp (Ω)  n  RMSE 

HBA 1.6639 1.7386 0.1538 573.419 54.730 1.7298e-03 

BES 1.6639 1.7387 0.0043 15.9283 1.5203 1.7298e-03 

TLBO 1.6638 1.7307 0.0043 15.9955 1.5198 1.7305e-03 

TLABC 1.6639 1.7387 0.0043 15.9283 1.5203 1.7298e-03 

GOTLBO  1.6639 1.7387 0.0043 15.9283 1.5203 1.7298e-03 

The characteristics in Fig. 15 show that the simulated I-V and P-V curves of the HBA correspond well to the measured data. 
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(a): I-V 

 

(b): P-V 

Fig. 15.Plot of the two characteristics of Schutten Solar STM6-40/36 PV model (a), (b)  

 
Fig. 16.Individual Absolute Error Photowatt STM6-40/36 
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Fig. 17.Relative Error Photowatt STM6-40/36 

 
Fig. 18. Fitness for Photowatt STM6-40/36 

In Fig. 16 we note that the IAE does not exceed 
32 10− except in the interval [10 12] where its value is equal to

36 10− . 

As for Fig. 17 representing the relative error, we see that it varies little around 0 except for the interval [10 12] where the 

peak reached
34 10−−  . At the end the Fig. 18 shows after how many iterations the desired results converge, i.e. after 100 

iterations for this case study. This shows that HBA for this case although efficient converges slowly. 

Table-IX: STM6-40/36 statistical results 

Algorithm RMSE 

 Min Mean Max std 

HBA   1.7e-03 1.9e-03 1.7e-03 5.0598e-04 

BES 1.7298e-03 1.7298e-03 1.7298e-03 5.6525e-18 

TLBO 1.7305e-03 4.3487e-03 2.0593e-02 3.45e-03 

TLABC 1.7298e-03 2.1827e-03 6.5053e-03 9.22e-04 

GOTLBO  1.7298e-03 1.1244e-03 4.2347e-03 6.41e-02 

E. Case 5: STP6-120/36 Module 

The comparison refer to Table X and Table XI validated the effectiveness of HBA over other techniques. The RMSE based 

on the HBA application to extract the PV model parameters is equal to 0.016783. 
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Table-X: the results obtained from Solar STP6-120/36 PV model 

Algorithm  Iph (A)  Isd (μ A)  RS(Ω)  Rp (Ω)  n RMSE 

HBA 7.4716 2.3217 0.1655 

 

828.9767 

 

45.3465 

 

1.6783e-02 

BES 7.4716 2.3218 0.0046 23.0265 1.2596 1.6782e-03 

TLBO 7.4782 1.9194 0.0047 13.2688 1.2440 1.6892e-02 

TLABC 7.4725 2.3349 0.0046 22.2117 1.2601 1.6601e-02 

GOTLBO  7.4725 2.3350 0.0046 22.2199 1.2601 1.6601e-02 

Fig.19 clearly shows that the I-V and P-V curves of the HBA simulated data are very compatible with the experimental data. 

 

(a) : I-V 

 

(b): P-V 

Fig. 19.Plot of the two characteristics for SPT6-120/36 (a), (b)  
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Fig. 20. Individual Absolute Error STP6-120/36 

The IAE According to Fig. 20, the sum of the AIEs is less than 0.3304, which indicates that the measured and extracted data 

coincide well.   

 
Fig. 21. Relative Error STP6-120/36 

The RE According to Fig. 21, reaches a peak that does not exceed 
38 10−−   in the interval [15 18] and 

34 10−  [20 23]. 

 
                                     Fig. 22. Fitness for STP6-120/36 PV model 
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According to the Fig.22 HBA converges quickly with 

STP6-120/36 PV model 

Table-XI: STP6-120/36 statistical results 

Algorithm RMSE 

 Min  Mean Max std 

HBA 1.68e-02 1.68e-02 1.68e-02 1.1013e-05 

BES 1.6782e-02 1.69034e-02 1.7223e-02 1.1219e-04 

TLBO 1.6892e-02 3.6690e-02 2.1604e-02 3.51e-02 

TLABC 1.6601e-02 1.6963e-02 2.1497e-02 9.47e-04 

GOTLBO  1.6601e-02 2.9588e-02 1.8099e-01 3.05e-02 

VI. CONCLUSION 

In this paper, we presented a new algorithm based on meta-

heuristics, called Honey Badger Algorithm (HBA) for 

extracting parameters from cell and PV panels. The 

performance of this algorithm is demonstrated by 

considering five case studies. The characteristics obtained 

from the measured data and those estimated coincide. The 

simulation results after 10 trials remain stable (vary little). 

Its accuracy is confirmed by comparing its RMSE with 

numerous meta-heuristic methods. For the scenarios 

considered in this article, the accuracy remains acceptable. 

Therefore, the excellent match of the simulated 

characteristic curves with the measured ones confirms the 

accuracy of this algorithm and its applicability to the 

parameter estimation and optimization problems of other 

power systems. 
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