

  machines-13-00706




machines-13-00706







Machines 2025, 13(8), 706; doi:10.3390/machines13080706




Article



An Improved Black-Winged Kite Algorithm for High-Accuracy Parameter Identification of a Photovoltaic Double Diode Model



Quanru Chen, Kun Ding *, Xiang Chen, Zenan Yang, Mingkang Xu and Fei Teng





College of Mechanical and Electrical Engineering, Hohai University, Changzhou 213022, China









*



Correspondence: dingk@hhu.edu.cn







Citation: Chen, Q.; Ding, K.; Chen, X.; Yang, Z.; Xu, M.; Teng, F. An Improved Black-Winged Kite Algorithm for High-Accuracy Parameter Identification of a Photovoltaic Double Diode Model. Machines 2025, 13, 706. https://doi.org/10.3390/machines13080706



Academic Editors: Majid Vafaeipour, Danial Karimi, Christoph Bergmeir, Farivar Fazelpour and Michela Longo



Received: 11 July 2025 / Revised: 4 August 2025 / Accepted: 6 August 2025 / Published: 9 August 2025



Abstract


This study proposes an improved Black-Winged Kite Algorithm (SRQ-BKA) for accurate parameter identification of the photovoltaic (PV) double diode model (DDM). The proposed method integrates three key mechanisms: specular reflection learning (SRL) to improve initial population diversity, preventing premature convergence and enabling a more comprehensive exploration of the solution space for optimal parameters; soft rime search (SRS) to balance global exploration and local exploitation, ensuring efficient identification by dynamically adjusting the search focus; and quadratic interpolation (QI) to accelerate convergence by fine-tuning the search toward optimal parameters, enhancing accuracy and speeding up the identification process. The root mean square error (RMSE) is employed as the objective function to minimize the error between the measured and predicted I-V characteristics of the PV module. Experimental results demonstrate that the SRQ-BKA outperforms other algorithms, achieving a minimum RMSE of 0.00262 A for the DDM and exhibiting strong stability, as evidenced by an average RMSE of 0.00278 A across 1000 runs. The method also demonstrates excellent parameter identification accuracy for both the single diode model (SDM) and triple diode model (TDM), further validating its robustness and practical applicability.
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1. Introduction


In the context of the global energy transition and sustainable development, photovoltaic (PV) energy has emerged as one of the most promising renewable energy sources because of its cleanliness, renewability, and widespread availability [1]. However, the output characteristics of PV cells exhibit strong nonlinear interactions among irradiance, ambient temperature, and intrinsic parameters, making precise modeling and parameter identification critical for enhancing system efficiency. Constructing high-precision PV cell models enables the effective optimization of maximum power point tracking algorithms [2], the evaluation of battery degradation, and the facilitation of fault diagnosis through theoretical analysis. Therefore, research on PV cell modeling holds substantial engineering significance for advancing the deployment and optimization of PV technology in industrial applications.



The mainstream equivalent circuit models for PV cells currently include the single diode model (SDM), double diode model (DDM), and triple diode model (TDM) [3]. The SDM is a simplified version of the DDM, designed to reduce complexity by representing the PV cell’s behavior with a single diode branch. Although the SDM is widely adopted because of its simplicity and reduced number of parameters, this simplification compromises the accurate modeling of critical mechanisms, including carrier recombination and thermal effects. As a result, the SDM tends to produce significant errors, especially under low-irradiance or partial-shading conditions. In contrast, the DDM introduces a second diode branch to more accurately model carrier recombination, thereby significantly enhancing the accuracy of modeled I-V characteristics, particularly under challenging environmental conditions [4]. However, the increased model complexity poses challenges for parameter identification because solving the nonlinear equations is difficult and computationally inefficient [5]. Although the TDM further refines the decomposition of current components, it is hindered by its excessive number of parameters and high hardware implementation costs, which limit its widespread adoption [6]. Furthermore, PV cell models can be classified as implicit or explicit according to their mathematical expressions: explicit models employ the Lambert W function or approximate analytical methods to obtain rapid solutions but sacrifice some physical fidelity [7]; implicit models preserve the complete physical mechanisms, accurately describe the I-V characteristics of PV cells, and are more intuitive and easier to derive. The implicit DDM provides distinct advantages in applications that demand high modeling accuracy, particularly in scenarios where physical fidelity is critical. With its seven unknown parameters, the DDM exhibits strong nonlinearity and multivariable coupling, resulting in challenges such as a high-dimensional search space and susceptibility to local optima, thereby necessitating the development of efficient and reliable parameter-identification algorithms [8].



Traditional parameter-identification methods primarily rely on analytical approaches, such as the Lambert W function, and on numerical iterative methods, such as the Newton–Raphson method; however, these methods are highly sensitive to initial values and often struggle with complex nonlinear problems [7]. In recent years, metaheuristic algorithms (MAs) have gained prominence in parameter identification because of their strong global search capability and gradient-free characteristics. Inspired by natural phenomena, physical laws, and social behaviors, these algorithms simulate dynamic processes to search for global optima [9]. Based on the origin of their core concepts, MAs are categorized into four groups: evolutionary algorithms (EAs), physics-based algorithms (PAs), human-inspired algorithms (HAs), and swarm-intelligence algorithms (SAs).



Evolutionary algorithms (EAs) emulate biological evolution, emphasizing natural selection and genetic operators. Representative algorithms include the genetic algorithm (GA) [10], differential evolution (DE) [11], marine predators algorithm (MPA) [12], etc. Physics-based algorithms (PAs) are inspired by the energy minimization principles or thermodynamic laws governing physical systems. These include the equilibrium optimizer (EO) [13], atom search algorithm (ASO) [14], snow ablation optimizer (SAO) [15], rime optimization algorithm (RIME) [16], etc. Human behavior-based algorithms (HAs) are inspired by human interactions and social processes. Notable examples include teaching-learning-based optimization (TLBO) [17], social network optimization (SNO) [18], and the cooperation search algorithm (CSA) [19], etc. Swarm-intelligence algorithms (SAs) achieve optimization by simulating the cooperative behaviors of biological groups, including particle swarm optimization (PSO) [20], the whale optimization algorithm (WOA) [21], gray wolf optimizer (GWO) [22], artificial gorilla troops optimizer (GTO), Black-Winged Kite Algorithm (BKA) [23], etc. Notably, Wang et al. proposed the BKA in 2024 as a novel swarm-intelligence method. By simulating the kite’s precise local search during the predation phase and global exploration during migration, it overcomes the single-behavior limitation of traditional swarm algorithms, demonstrating excellent global-optimization capability and adaptability. However, its core limitations become apparent when applied to the parameter identification of high-dimensional nonlinear systems. The algorithm relies heavily on random migration and simple attack behaviors, which leads to population homogenization and a higher risk of becoming trapped in local optima. Its attack strategy employs fixed perturbation patterns without intelligent guidance, resulting in low local-search accuracy. Moreover, it lacks mathematical acceleration strategies and relies solely on random search. As a result, the algorithm often requires numerous iterations to effectively solve high-dimensional problems.



Recent studies have demonstrated that hybrid optimization algorithms leverage complementary strategies to dynamically balance exploration and exploitation throughout the search process. For instance, Chen et al. employed a maximum-power matching strategy combined with an improved FDA (IFDA) to identify model parameters, which significantly enhanced both convergence speed and accuracy [24]. Jiang et al. proposed a composite method (CGH-GTO) that integrates the improved gray wolf optimizer (IGWO), the hummingbird algorithm (HBA), and the artificial gorilla troops optimizer (GTO), thereby improving both the accuracy and speed of model parameter identification [25]. Chen et al. combined the teaching-learning-based optimization (TLBO) and the artificial bee colony (ABC) algorithm to propose a hybrid method, TLABC, for solar PV parameter estimation [26]. Long et al. proposed a hybrid algorithm (GWOCS) based on the gray wolf optimizer (GWO) and cuckoo search (CS), which achieved an effective balance between exploration and exploitation and demonstrated good robustness in PV model parameter extraction [27].



Building upon these insights, recent studies have further advanced the design of hybrid metaheuristics by incorporating domain-specific knowledge and multi-strategy fusion. Alsaggaf et al. [28] introduced a chemistry-inspired material generation algorithm (MGA) that mimics ionic and covalent bonding to enhance parameter estimation for PV models. Hakmi et al. [29] developed a modified rime-ice growth optimizer (MRIME) integrated with a polynomial differential learning operator (PDLO), achieving superior RMSE minimization on the RTC France and STM6-40/36 modules. Additionally, Qian et al. [30] proposed a multi-strategy fused Kepler optimization algorithm (MKOA) leveraging good point set initialization, dynamic opposition-based learning, and normal cloud model perturbation, demonstrating robust performance in both benchmark tests and real-world engineering applications. These developments underscore the effectiveness of tailored hybrid strategies in addressing the nonlinear and multimodal characteristics of PV parameter identification.



Inspired by these findings, this work aims to enhance the performance of the BKA by embedding targeted hybrid mechanisms tailored to the characteristics of PV model parameter identification. To the best of our knowledge, this study is the first to integrate SRL, SRS, and QI into the BKA framework, yielding a novel metaheuristic termed the SRQ-BKA. This algorithm is designed to overcome the limitations of the BKA, including limited population diversity, inadequate local search capability, and slow convergence in multimodal landscapes. Specifically, SRL is employed to enhance population diversity and prevent premature convergence. Subsequently, SRS balances global exploration and local exploitation, whereas QI accelerates convergence and refines solutions near the optima. This integrated design enables the SRQ-BKA to achieve more accurate, robust, and stable parameter identification across diverse environmental conditions. Finally, the effectiveness and engineering applicability of the SRQ-BKA are validated through comprehensive benchmark tests and real-world PV experiments. Figure 1 illustrates the structural composition and operational flow of the proposed SRQ-BKA. In summary, the key contributions of this paper are as follows:




	
SRL is introduced into the BKA for the first time to generate high-quality initial solutions via specular reflection, thereby improving population diversity and providing a stronger foundation for accurate and reliable parameter identification.



	
A hybrid optimization strategy that combines SRS and QI is proposed to enhance search efficiency. SRS enhances exploration during the early stages and gradually promotes exploitation as iterations progress, whereas QI refines the local search by accelerating convergence toward the optimal parameters.



	
A progressive experimental design verifies the SRQ-BKA from theory to application. Benchmark tests confirm its rapid convergence and strong global search capability. Experiments on PV models demonstrate high accuracy, robustness, and practical applicability.








Section 2 introduces the fundamental concepts and operational stages of the BKA. Section 3 provides details of the proposed SRQ-BKA, emphasizing the integration of SRL, SRS, and QI to enhance optimization performance. Section 4 presents experimental validation using benchmark functions and PV model parameter identification. Section 5 concludes the study.




2. Black-Winged Kite Algorithm


Based on the hunting strategy and migratory characteristics of the black-winged kite, Wang et al. proposed a novel swarm-intelligence algorithm, the BKA [23]. The algorithm consists of three distinct stages: the initialization phase, the attacking phase, and the migratory phase.



2.1. Initialization Stage


The BKA employs a random initialization method to generate the initial population within the upper and lower bounds of the search space. This process can be mathematically expressed as follows:


   P i  = B  K  l b   + r a n d   B  K  u b   − B  K  l b      



(1)




where Pi represents the i-th individual, i ∈ 1,2,…, N. BKlb and BKub are the lower and upper bounds of the j-th dimension of the black-winged kite, and rand is a uniformly distributed random number in the interval [0, 1].




2.2. Attacking Stage


In this stage, the BKA simulates the predatory behavior of the black-winged kite: individuals adjust the angles of their wings and tails according to the wind speed to observe and attack prey during flight. The mathematical model of the black-winged kite’s attack behavior is described by Equations (2) and (3).


   y  t + 1   i , j   =        y t  i , j   + n   1 + sin ( r )    y t  i , j   , p < r        y t  i , j   + n   ( 2 r − 1 )  y t  i , j   , e l s e        



(2)






  n = 0.05 exp   − 2   ( t / T )  2     



(3)




where   y t  i , j    and   y  t + 1   i , j    denote the positions of the i-th black-winged kite in the j-th dimension at the t-th and (t + 1)-th iteration steps, respectively; r is a random number between 0 and 1; p is a constant equal to 0.9; n is a nonlinear factor; t is the number of iterations completed so far; and T is the total number of iterations.




2.3. Migratory Stage


The migration phase simulates the migratory behavior of birds driven by environmental factors. The BKA assumes that if an individual’s current fitness exceeds that of a randomly selected peer from the population, it leads the population to migrate toward the destination; otherwise, it lacks leadership and joins the migrating group. The migratory behavior of the black-winged kite is described by mathematical models, as shown in Equations (4) and (5).


   y  t + 1   i , j   =        y t  i , j   + C ( 0 , 1 )    y t  i , j   −  L t j    ,  F i  <  F  r i          y t  i , j   + C ( 0 , 1 )    L t j  − m  y t  i , j     , else        



(4)






  m = 2 sin ( r + π / 2 )  



(5)




where   L t j   represents the current best-known position of the BKA in the j-th dimension at iteration t. Fi denotes the fitness of the i-th black-winged kite at iteration t. Fri is the fitness value of a randomly selected individual from the population at iteration t. C(0, 1) represents the Cauchy mutation operator with a location parameter of 0 and a scale parameter of 1.





3. SRQ-BKA for Model Parameter Identification


The BKA often falls into local optima during the search process, especially for complex optimization problems, indicating that both its efficiency and accuracy can be improved. Therefore, this chapter proposes an improved algorithm, named the SRQ-BKA, aimed at enhancing the accuracy of model parameter identification. As shown in Figure 2, the algorithm integrates three mechanisms—SRL, SRS, and QI—that collectively enhance its search ability and convergence precision. SRL improves the initial solution quality of the original BKA and enhances the robustness of its global search. SRS refines the random attack behavior of the original BKA through a staged perturbation strategy, thereby improving the controllability of the search direction. QI uses mathematical modeling to approximate extreme points directly, which significantly reduces the number of local exploitation iterations and accelerates convergence.



3.1. Construction of Fitness Function


The DDM is a critical physical model for characterizing the output behavior of solar cells. Its equivalent circuit, shown in Figure 3, comprises a photocurrent source, two parallel diodes, a series resistor, and a parallel resistor.



By introducing a second diode, this model more accurately captures carrier recombination mechanisms within the semiconductor [31], especially recombination effects in the space-charge region, allowing it to maintain high accuracy even under non-standard test conditions [32]. The mathematical expression of the DDM for the PV module is given below [33].


  I =  I  p h   −  I  01     exp      V + N I  R s    N  A 1   V  t h        − 1   −  I  02     exp      V + N I  R s    N  A 2   V  t h        − 1   −    V + N I  R s    N  R  s h       



(6)




where I and V are the current and voltage. I01 and I02 are the saturation currents of the two diodes, respectively. Rs and Rsh indicate the equivalent series resistance and equivalent parallel resistance, respectively. A1 and A2 are ideal factors. Vth is the thermal voltage and the equation is Vth = kT/q. k denotes the Boltzmann constant, which takes the value of 1.381 × 10−23 J/K. T is the temperature of the PV cell. q represents the electron charge, with a value of 1.602 × 10−19 C. N is the number of cells in a PV module.



For the parameter identification problem of the DDM, the fitness function is typically constructed based on the error between measured I-V data and model predictions [34]. The standard formulation of the fitness function is given by


  RMSE =     1 n    ∑  i = 1  n       I  measure , i   −  I  theory , i      2     



(7)




where Imeasure,i refers to the experimentally measured current, Itheory,i denotes the model-predicted current, and n indicates the number of points sampled on the I-V curve.




3.2. Model Parameter Initialization Method Based on SRL


The precision and convergence rate of MAs strongly depend on the quality of the initial population. Considering the different value ranges of the seven model parameters [35], a normalized transformation is applied to scale each parameter to its corresponding bounds, which addresses this issue and improves the efficiency of parameter identification [24].


         I  p h          I  01          I  01          A 1         A 2         R s         R  s h         =       6  x 1          10     3  x 2              10     3  x 3             x 4         x 5          0.5  λ 1   x 6  + μ   N         0.5  λ 2   x 7  + μ   N        



(8)




where λ1 = 5/N, λ2 = 1000/N, and μ = 5 × 10−4/N. N is the number of cells connected in series.



To further enhance the quality of the initial population, this study employs SRL, a novel learning strategy inspired by the physical phenomenon of specular reflection [36]. This strategy is closely related to opposition-based learning (OBL) and can be regarded as a generalized form of OBL. By generating mirror solutions within the solution space, SRL improves both search efficiency and population diversity, thereby strengthening the algorithm’s capability to locate the global optimum.



In specular reflection, the incident and reflected rays are symmetric with respect to the normal line, as illustrated in Figure 2. Inspired by this phenomenon, SRL generates a corresponding mirror solution for each candidate in the solution space. This symmetry forms the foundation of SRL, enabling the algorithm to simultaneously consider a solution and its mirror counterpart during the search, thereby increasing the likelihood of finding superior solutions.



In SRL, the mirror solution is not strictly opposite but instead lies within a localized neighborhood around the opposite solution. The size of this neighborhood is controlled by a flexibility coefficient λ, enabling SRL to generate a richer set of candidate solutions in the search space, thereby enhancing both local search capability and global optimization potential.


   x ¯  = ( 0.5 λ + 0.5 ) × (  V L  +  V U  ) − λ x  



(9)




where VL and VU represent the lower and upper bounds of the variable, respectively, and λ is the elasticity coefficient controlling the neighborhood size. Specifically, when λ = 1, the mirror solution degenerates to the opposite solution; when λ ≠ 1, the mirror solution lies within a neighborhood near the opposite solution. This design enables SRL to generate a broader variety of candidate solutions, effectively enhancing the algorithm’s capabilities for both local exploitation and global exploration. The calculation formula for λ is as follows:


  λ =       1 + ϕ  R 0  ,        if     κ 1  >  κ 2        1 − ϕ  R 0  ,        if     κ 1  ≤  κ 2         



(10)




where κ1 and κ2 are two random numbers in the range [0, 1]; R0 is the neighborhood radius, and ϕ is the elasticity coefficient, also ranging between 0 and 1. The value of λ, which controls the location of the mirror solution, is dynamically adjusted by comparing κ1 and κ2. This dynamic adjustment mechanism allows SRL to perform more flexible and adaptive searches within the solution space.



Once the mirror solution is generated, boundary control is applied to ensure its feasibility within the predefined search domain:


    x ¯  i  =        l i  ,        if      x ¯  i  <  l i         u i  ,        if      x ¯  i  >  u i          x ¯  i  ,        otherwise           



(11)




where li and ui represent the lower and upper bounds of the i-th variable, respectively. If the mirror solution xi is less than li, it is set to li; if xi exceeds ui, it is set to ui; otherwise, it remains unchanged. This boundary control strategy ensures that the resulting solutions remain feasible and eliminates invalid candidates from the search process.



Furthermore, the proposed approach merges the original and mirror solutions and selects the top 50% of high-quality individuals based on their fitness values. This mechanism effectively eliminates low-quality solutions, improves the average fitness of the initial population compared to random initialization, and significantly increases the density of solutions in high-quality regions. Consequently, it provides more favorable initial conditions for the subsequent evolutionary process.



Compared with random initialization, SRL enhances both population diversity and quality through dynamic mirror-based mapping and selective refinement, producing a more diverse and higher-quality initial population for subsequent optimization. To validate the effectiveness of SRL, Figure 4 compares the initial population distributions of random initialization, OBL, and SRL within the original boundary range of [0, 10]. The randomly initialized population exhibits irregular clustering, leaving large gaps in some regions of the search space. Although OBL yields a symmetric distribution about the central axis, it remains strictly confined within the original range, making it inflexible and less effective in exploring boundary regions. Conversely, SRL generates a solution set that extends beyond the original boundaries through the dynamic elasticity factor, thereby enhancing diversity and reducing the risk of early stagnation in local optima. During mirror-solution generation, SRL allows temporary excursions beyond the boundary, which are then truncated to retain feasible components. Thus, SRL effectively enhances the initial exploration capability of MAs, providing a robust and efficient foundation for global search.




3.3. Hybrid Optimization with SRS and QI for Efficient Search


Building on the initial population enhancement achieved through SRL, SRS is subsequently introduced to further optimize the search process. SRS is derived from RIME, which was proposed by Su et al. [16] based on the natural rime crystallization process. It mimics the growth of soft rime and thereby achieves a balance between exploration and exploitation. As shown in Figure 2, SRS follows a distinctive staged process that dynamically switches between broad exploration and fine-grained exploitation, thereby achieving both efficiency and precision.



The growth of soft rime exhibits pronounced stochasticity, allowing frost particles to spread randomly over the surface, while directional growth is relatively slow and gradually stabilizes under environmental constraints.



Following the dynamic behavior of rime particles, their position updates can be expressed mathematically as follows:


         R  i j   n e w     =  R  b e s t , j     +  r 1  ⋅ cos θ ⋅ β ⋅   ψ ⋅   U  b  i j   − L  b  i j     + L  b  i j            r 2  < E        



(12)




where   R  i j   n e w    denotes the updated position of the particle, while Rbest,j represents the j-th particle of the best crystal in the rime particle population R. r1 is a uniformly distributed random value in the range (−1, 1), used to modulate the direction of particle motion, which is further influenced by the directional cosine cosθ during the optimization process. β represents an environmental factor, and ψ ∈ [0, 1] denotes the particle adhesion coefficient, which controls the inter-particle spacing. Ubij and Lbij denote the upper and lower bounds of the particle’s motion space, respectively. r2 ∈ (0, 1), together with the adhesion coefficient E, determines whether the particle condenses, that is, whether its position is updated. The following condition must be satisfied to ensure convergence.


        θ = π ⋅   t  10 ⋅ T          β = 1 −      w ⋅ t  T     / w       E =   ( t / T )          



(13)




where t represents the current iteration number, and T denotes the maximum number of iterations. β is a step function, and w is a control parameter that determines the number of segments in the function, with w set to 5. E denotes the adhesion coefficient, which progressively increases over iterations and regulates the probability of particle condensation during the search process.



SRS is incorporated into the attack behavior of the BKA through a cosine-driven perturbation factor. This mechanism enhances global exploration with larger perturbations during early iterations and gradually shifts to refined local search as the perturbations stabilize. This dynamic adjustment improves the balance between exploration and exploitation, helping prevent premature convergence and optimizing the subsequent search process.



QI is then applied to accelerate convergence by fitting a quadratic curve through the current solution and its neighboring elite solutions. QI is a technique for estimating the value of a function based on a set of known data points [37]. In MAs, the algorithm’s convergence rate heavily depends on the search step size. If the step size is too small, the algorithm may stagnate at local minima, whereas an excessively large step size may cause it to miss the global optimum. By fitting a local quadratic approximation of the objective function, QI estimates the optimal step size and effectively guides the algorithm toward the global optimum with faster convergence.



The core idea of QI in this study is to fit a parabolic curve to the objective function using three points: the current individual, the population mean, and the leader. The minimum of the fitted parabola is then taken as an approximation of the objective function’s minimum. This mathematically guided search enhances both the stability of convergence and the precision of the optimization process.



After updating the leader position, the algorithm computes the population mean position and average fitness, identifies the global best position, and selects the i-th individual for interpolation. A QI curve is then constructed using these three reference points. The fitted curve is expressed as P(x) = a0x2 + a1x + a2. The vertex of the fitted parabola, xiQI serves as the estimated optimum obtained through the QI method. In most cases, the QI strategy produces candidate solutions with higher fitness than the original ones. The mathematical formulation of QI is given as follows.


        N =    x i 2  −  x   mean     2    ×  F   best      +    x   mean     2  −  x   best     2    ×  F i  +    x   best     2  −  x i 2    ×  F   mean            D =    x i  −  x   mean        ×  F   best      +    x   mean      −  x   best        ×  F i  +    x   best      −  x i    ×  F   mean             x i  Q I   =   N  2 D           



(14)




where xi, xmean, and xbest denote the positions of the i-th individual, the centroid of the population, and the current best solution in the swarm, respectively. Fi, Fmean, and Fbest correspond to the fitness values of the i-th individual, the average fitness of the population, and the best fitness achieved so far. Finally, a greedy selection strategy is employed to retain the better solution between xi and the interpolated candidate   x i  Q I   .


   x i ′  =        x i  Q I   ,    if    F    x i    > F    x i  Q I            x i  ,    otherwise           



(15)




where   x i ′   represents the retained individual with higher fitness.




3.4. SRQ-BKA


This section elaborates on the enhancement strategies applied to the BKA within the SRQ-BKA framework. A visual representation of the improved methodology is shown in Figure 2.



In the proposed SRQ-BKA, the random initialization in the original BKA is replaced with the SRL strategy described earlier, and the algorithm proceeds with the attack phase. This stage is inspired by avian hunting behavior, where individuals adjust their wing and tail angles according to wind velocity to observe and attack targets during flight. SRS is embedded into the attack behavior of the BKA through a cosine-driven perturbation factor, which enables adaptive modulation of the step size during iterations. The refined mathematical formulation of the attack mechanism in the SRQ-BKA, incorporating SRS, is given in Equations (16) and (17).


   y  t + 1   i , j   =        y t  i , j   + n ⋅   1 + sin ( r ) ⋅  y t  i , j     , p < r        y t  i , j   + R i m e F a c t o r ⋅ [ ψ ⋅ ( B  K  u b  j  − B  K  l b  j  ) + B  K  l b   ] , else        



(16)






        n = 0.05 exp   − 2   ( t / T )  2          R i m e F a c t o r = 2 ( r − 0.5 ) ⋅ cos (    π ⋅ t   10 ⋅ T    ) · ( 1 −    r o u n d ( t ⋅ w / T )  w   )        



(17)




where   y t  i , j    and   y  t + 1   i , j    represent the position of the i-th black-winged kite in the j-th dimension at iteration t and t + 1, respectively. r is a stochastic value randomly drawn from the interval [0, 1]. p denotes a fixed parameter with a value of 0.9. n is a nonlinear adjustment factor.     B K   l b  j    and    B K   u b  j   refer to the lower and upper boundaries of the search range in the j-th dimension, respectively. ψ ∈ [0, 1] is a random parameter used to regulate the update dynamics. t is the current number of completed iterations. T is the maximum number of iterations. The control parameter w is set to 5. RimeFactor is the frost simulation factor.



During early iterations, RimeFactor exhibits large oscillations, generating significant perturbations that enhance global exploration capability. In later iterations, the perturbations gradually stabilize, enabling more refined local search. Integrating dynamic perturbations into the attack behavior allows the algorithm to gradually shift from global exploration to localized exploitation, effectively mitigating premature convergence and instability issues observed in the original BKA.



The final phase involves migration behavior. This stage emulates the environmentally driven migratory behavior observed in birds. In the BKA, it is assumed that if an individual exhibits better fitness than a randomly selected peer from the population, it will guide the migration toward the destination; otherwise, it lacks leadership and joins the migrating group.



In complex parameter identification tasks, the original BKA update strategy may produce imprecise position updates, especially in multimodal problems where it fails to effectively locate the global optimum. To address this issue, after completing the attack and migration behaviors, the QI method is introduced to refine the position update process. By applying QI using the current individual, the global leader, and the population mean, the strategy balances global exploration and local refinement, enhancing search accuracy and ensuring convergence to superior solutions. Building on these enhancements, Table 1 provides a comparative summary of the original BKA and the proposed SRQ-BKA, emphasizing the architectural improvements and their influence on convergence speed and solution accuracy.



To better illustrate the integration of SRL, SRS, and QI modules, the complete pseudocode of the SRQ-BKA is presented in Table 2. Although these enhancements improve search performance, they introduce minimal additional computational overhead, preserving overall algorithmic efficiency. The overall time complexity of the algorithm is O(T⋅N⋅D), where T denotes the number of iterations, N is the population size, and D refers to the dimensionality of the optimization problem, representing the number of parameters to be identified. This complexity is consistent with that of the original BKA, as the additional strategies introduce only lightweight operations in each generation. Therefore, the algorithm significantly improves performance without a notable increase in computational burden.





4. Experiments and Verification


The experimental I-V characteristic measurement system is schematically illustrated in Figure 5. The system consists of four primary functional units:




	
Test PV module (TSM-240). This multicrystalline silicon module has the following key specifications under standard test conditions (STC): short-circuit current Isc = 8.62 A, open-circuit voltage Voc = 37.3 V, and maximum power Pmax = 240 W. Additional parameters and detailed specifications are listed in Table 3.



	
I-V acquisition module. A microcontroller governs the relay-based switching to dynamically acquire the I-V characteristics of the tested PV module.



	
Environmental monitoring unit. It is equipped with a pyranometer and temperature sensors to continuously record the irradiance (W/m2) and the surface temperature (°C).



	
Data processing system. The collected I-V and environmental data are transmitted to an industrial computer through an RS-485 serial interface, where dedicated software displays the real-time I-V curves and extracts key performance parameters.








The experiments were conducted on the rooftop of the laboratory building at Hohai University in Changzhou, China, which has a typical subtropical monsoon climate. Three representative environmental scenarios were selected to capture the PV module performance under varying operating conditions: Condition 1: irradiance of 379 W/m2 and temperature of 27.9 °C; Condition 2: irradiance of 590 W/m2 and temperature of 36.5 °C; Condition 3: irradiance of 900 W/m2 and temperature of 47.8 °C. These datasets comprehensively reflect the actual output characteristics of the PV module under diverse environmental conditions.



The monitoring software allows real-time tracking of I-V curve variations and provides essential experimental data for analyzing the influence of environmental conditions on PV module behavior. Analysis shows that increasing temperature reduces the open-circuit voltage, while higher irradiance leads to a significant rise in short-circuit current. These findings provide valuable guidance for optimizing PV system design and performance evaluation.



4.1. Evaluation Methods


The model parameter identification method was evaluated using five performance indicators: RMSE, mean absolute error (MAE), mean absolute percentage error (MAPE), the coefficient of determination (R2), and computation time (Ctime). The RMSE is calculated using Equation (7), while the formulas for MAE, MAPE, and R2 are given in Equations (18)–(20) [38]. All experiments were conducted on MATLAB R2023b using a computer equipped with an Intel Core i9-13900HX (2.20 GHz), 32 GB RAM, and Windows 11. Ctime was directly recorded using the experimental platform.


  MAE =   1 n    ∑  i = 1  n     I  measure , i   −  I  theory , i      



(18)






  MAPE =    100 %  n    ∑  i = 1  n        I  measure , i   −  I  theory , i      I  measure , i         



(19)






   R 2  = 1 −      ∑  i = 1  n        I  measure , i   −  I  theory , i      2      ∑  i = 1  n        I  mean   −  I  theory , i      2      



(20)




where Imean represents the average value of the measured current.



Notably, both the original BKA and the proposed SRQ-BKA used the same number of function evaluations, as they adopted identical population sizes and iteration counts. This ensures a fair comparison because any observed performance improvement arises solely from the SRQ-BKA’s algorithmic enhancements rather than increased computational effort.




4.2. Experiment 1: Comparison of Optimization Results for Benchmark Test Functions


To verify the effectiveness of the BKA improvements, three benchmark test functions were first optimized, and the results were compared with those obtained using the BKA, GTO, GWO, SAO, RIME, DE, GA, and TLBO. These methods represent the four categories of metaheuristic algorithms (MAs) summarized in the Introduction. The objective functions used to assess optimization performance are shown in Table 4. The selected benchmark functions cover a wide range of optimization challenges, including both smooth and non-smooth as well as unimodal and multimodal problems. This selection aimed to evaluate the algorithm’s performance in diverse scenarios, focusing on robustness, global search capability, and the ability to escape local optima. Employing diverse benchmark functions allows a comprehensive evaluation of the algorithm’s performance across various optimization challenges.



The F5 function, known as the Rosenbrock function, features a narrow, curved parabolic valley. It is commonly used to assess an algorithm’s ability to converge to the global optimum in complex local landscapes, particularly evaluating its capability to escape local minima. The F7 function incorporates quartic terms and random noise, which evaluate an algorithm’s robustness and noise resistance, making it suitable for validating convergence accuracy and result stability. The F10 function, derived from the Ackley function, is a typical multimodal function containing many local minima and is highly sensitive to initial solutions. It is particularly suitable for evaluating the global search capability of optimization algorithms and their effectiveness in escaping local optima.



The minimum value of each benchmark function was obtained with different MAs, and the iteration speed and search capability of each algorithm were subsequently compared. Figure 6 illustrates the iteration processes of the algorithms for the benchmark problems. In Figure 6, the 3D plot on the left shows the objective function landscape, and the convergence curve on the right depicts the relationship between fitness values and iteration counts for each optimization algorithm. Clearly, the SRQ-BKA (red curve) converged faster to a lower objective function value than the other algorithms, demonstrating superior optimization performance and rapid convergence. This result highlights the efficiency and accuracy of the SRQ-BKA in attaining the optimal solution.



In PV diode model parameter identification, the model functions typically exhibit nonlinearity, multi-parameter coupling, and complex solution spaces, requiring optimization algorithms with strong global search capability, robustness, and rapid convergence. The excellent performance of the SRQ-BKA on F5 and F7 directly corresponds to typical PV modeling problems, indicating its superior suitability for high-precision fitting. Additionally, its strong global search capability on the F10 function helps prevent the algorithm from becoming trapped in local optima during parameter identification, thereby enhancing model generalization and predictive accuracy. Therefore, the SRQ-BKA not only performs well in standard tests but also demonstrates strong potential for practical applications in PV model parameter identification.




4.3. Experiment 2: Parameter Identification of DDM Based on Measured Data


Experimental comparisons of nine methods for model parameter identification were conducted using three sets of measured I-V curves. The identification results were presented in five forms: the fitness iteration process, I-V curves, P-V curves, radar charts, and box plots. These results demonstrate the parameter identification performance of the nine methods and validate the superiority of the SRQ-BKA.



Figure 7, Figure 8 and Figure 9a,b illustrate the iteration curves of the nine methods during model parameter identification. The red curve represents the SRQ-BKA, which exhibits rapid convergence and high accuracy. The final fitness values of the SRQ-BKA for the three sets of measured I-V curves were 0.00262 A, 0.00671 A, and 0.00823 A, respectively. The iteration curves of the GA, RIME, and GWO exhibit only minor variations, confirming their weaker optimal-search capability for the seven parameters. DE, SAO, and TLBO show more pronounced fluctuations in their iteration curves; however, these approaches lack sufficient sensitivity and converge relatively slowly. The final fitness values of these three methods generally exceeded 0.015 A. Notably, the BKA and GTO performed well, with final fitness values falling below 0.01 A. However, compared with the SRQ-BKA, these methods exhibited slower convergence and lower computational accuracy.



As shown in Figure 7, Figure 8 and Figure 9, subplots (c) and (d), respectively, display the nine theoretical I-V and P-V curves generated from the three sets of measured I-V curves. The dark gray solid lines in the figures represent the measured I-V and P-V data, and the alignment between the theoretical and measured curves visually reflects the accuracy of the different parameter identification methods. Analysis indicates that the theoretical curves obtained by the GA, RIME, and GWO deviate markedly from the measured data, indicating lower parameter-identification accuracy for these methods. Although the theoretical curves generated by DE, SAO, and TLBO follow the general trend of the measured data, noticeable deviations remain, suggesting that the identification accuracy of these methods requires further improvement. In contrast, the BKA and GTO performed better, with theoretical curves showing only slight deviations, demonstrating higher parameter-identification accuracy. Notably, the SRQ-BKA exhibited the best fitting performance, with its theoretical curves almost completely overlapping the measured data and showing no discernible visual difference. This demonstrates that the SRQ-BKA has excellent parameter-identification capability and can accurately represent the PV module’s performance.



To further quantify the fitting accuracy, Table 5, Table 6 and Table 7 present detailed comparisons of the measured and estimated I-V data under three representative environmental conditions. Each sampling point includes the voltage, the measured current, the estimated current from the proposed method, as well as the absolute and relative errors. The results consistently exhibit small point-wise errors under all operating conditions. Notably, most relative errors remained below 0.1%, even under high irradiance and temperature, confirming the method’s excellent fitting accuracy and generalization capability, consistent with the previous analysis.



Figure 10 visually compares the performance of nine methods in terms of the RMSE, MAE, MAPE, R2, and Ctime using radar charts. Figure 10a specifically compares the RMSE performance of the nine methods. In this radar chart, each algorithm’s performance is shown for the three experimental groups. The SRQ-BKA clearly stands out, with RMSE values consistently closest to the chart center, indicating its superior ability to minimize prediction errors across all three groups. This demonstrates that the SRQ-BKA achieves high overall accuracy and effective error control in parameter-identification tasks.



In contrast, the RMSE values of the GA, RIME, and GWO lie near the outer edge of the radar chart, indicating poor prediction accuracy. These methods produce larger errors, making them less reliable for parameter-identification tasks. This result highlights their limited ability to escape local optima and handle complex data structures effectively.



DE, SAO, and TLBO performed better than the GA, RIME, and GWO, with RMSE values closer to the chart center, although still higher than those of the SRQ-BKA. These algorithms demonstrated moderate accuracy but fell short of achieving the precision level of the SRQ-BKA. The BKA and GTO performed similarly to the SRQ-BKA, with RMSE values fairly close but slightly higher, indicating somewhat lower efficiency in error reduction. Notably, although this RMSE difference appears small, it can significantly affect I-V curve fitting. Accurate I-V modeling is crucial for power estimation, improving MPPT efficiency, and enabling effective fault detection. Even slight current-estimation errors can propagate under dynamic irradiance or partial shading, leading to reduced energy yield over time. Therefore, minimizing the RMSE is essential for reliable PV system modeling.



Figure 10a clearly demonstrates the SRQ-BKA’s outstanding RMSE performance, highlighting its effectiveness in error minimization and clear advantage over other methods. Figure 10b,c further emphasize this trend by comparing algorithm performance based on the MAE and MAPE. In both subfigures, the SRQ-BKA remains closest to the center, demonstrating its ability to minimize both absolute and percentage errors across all three groups. In contrast, the GA, RIME, and GWO lie near the outer edges of the radar chart, reflecting poor performance with higher MAE and MAPE values. DE, SAO, and TLBO show moderate performance, lying between the center and the outermost edge, but still falling behind the SRQ-BKA. The BKA and GTO perform similarly to the SRQ-BKA but exhibit slightly higher MAE and MAPE values, indicating somewhat weaker performance. Overall, the analysis of Figure 10a–c consistently demonstrates that the SRQ-BKA excels in error minimization and achieves high predictive accuracy across these key metrics.



R2 indicates the consistency between the theoretical curves obtained by the nine methods and the measured curves. In Figure 10d, the R2 values of the GA, RIME, and GWO are noticeably lower than those of the other methods. This further confirms the weakness of these three methods in seven-parameter identification. Additionally, the R2 distribution of DE and SAO shows significant deviations between the computed I-V curves and the measured I-V curves. These results indicate that the seven-parameter optimal search performance of DE and SAO is also poor. The R2 values of the other four methods overlap considerably, indicating that R2 alone cannot clearly distinguish the strengths and weaknesses of the nine methods. Therefore, R2 is suitable as an evaluation metric but not as a fitness function. Regarding the Ctime radar chart, the GA and TLBO required more computation time than the other methods. The Ctime value of the SRQ-BKA was located closer to the chart center. This indicates that the SRQ-BKA required comparatively less computation time.



Table 8, Table 9 and Table 10 list the five evaluation metrics for the nine methods. For the SRQ-BKA, the RMSE, MAE, MAPE, R2, and Ctime for the first group (379 W/m2, 27.9 °C) were 0.00262, 0.00193, 0.13107, 0.99999, and 23.34 s, respectively. For the second group (590 W/m2, 36.5 °C), the evaluation metrics were 0.00671, 0.00512, 0.52945, 0.99998, and 22.16 s, respectively. For the third group (900 W/m2, 47.8 °C), the evaluation metrics were 0.00823, 0.00673, 0.32714, 0.99999, and 22.76 s, respectively. The SRQ-BKA achieved the lowest RMSE, MAE, and MAPE among the nine methods. The SRQ-BKA yielded the highest R2 among the nine methods, indicating that its theoretical I-V curve was nearly identical to the measured curve. The Ctime of the SRQ-BKA was approximately 23 s, placing it in the upper tier among the nine methods. The conclusions drawn from these tables are consistent with those from Figure 7, Figure 8, Figure 9 and Figure 10, confirming the superior accuracy of the SRQ-BKA.



Table 11 presents the detailed values of the seven parameters identified by the proposed SRQ-BKA for the DDM under three distinct environmental conditions. The results reveal that Iph increases consistently with irradiance, which aligns with physical expectations. Slight reductions in Rs and Rsh are observed as temperature rises, likely due to increased carrier mobility and enhanced leakage paths. The ideality factors A1 and A2 remain within a physically reasonable range, indicating that the model accurately captures diode behavior under varying conditions. Overall, the stability and physical plausibility of the identified parameters further validate the robustness and practical applicability of the SRQ-BKA in real-world PV modeling tasks.



To verify the stability of the proposed method, 1000 repeated experiments were conducted using the BKA, GTO, SAO, TLBO, and SRQ-BKA methods, as they demonstrated relatively strong performance in the previous experiments. The RMSE and Ctime for the DDM of the five methods are shown in Table 12. The experiments were repeated 1000 times following the above procedure to further compare the accuracy and stability of the five methods. The average RMSE values for the BKA, GTO, SAO, TLBO, and SRQ-BKA are 0.00824 A, 0.00633 A, 0.02790 A, 0.02031 A, and 0.00278 A, respectively. The SRQ-BKA shows the highest accuracy, followed by GTO and the BKA, and then TLBO and SAO. The average Ctime values for these five methods are 20.87567 s, 21.15738 s, 21.97542 s, 28.78677 s, and 22.44563 s, respectively. The variation in Ctime among the five methods is minimal and can essentially be neglected.



To provide a more comprehensive evaluation of stability, the standard deviation (SD) and 95% confidence interval (CI) for the RMSE were calculated based on the 1000 trials. As summarized in Table 13, the SRQ-BKA not only achieves the lowest average RMSE but also exhibits the smallest SD of 0.00156 A and the tightest CI range of [0.00268 A, 0.00288 A], highlighting its superior robustness and repeatability in parameter-identification tasks. These statistical findings are visually reinforced in Figure 11, where the box plot clearly shows that the SRQ-BKA has the narrowest box and the shortest whiskers, with minimal outliers—indicating both high accuracy and strong consistency.



A more detailed comparison of the five methods is shown in Figure 11. The SRQ-BKA box is the most compact, followed by GTO and the BKA, whereas SAO and TLBO exhibit noticeably wider boxes, reflecting greater RMSE variability. The relative positions of the mean and median further confirm the superior parameter identification accuracy of the SRQ-BKA, which is consistent with the earlier experimental results. Additionally, the spread and magnitude of outliers provide further insight into algorithmic stability. The outliers of the SRQ-BKA remain within 0.01 A and those of the BKA and GTO do not exceed 0.015 A, whereas SAO and TLBO exhibit extreme outliers up to 0.035 A, indicating occasional substantial deviations. Overall, the statistical analysis combined with the box-plot visualization confirms that the SRQ-BKA delivers high accuracy along with exceptional robustness and reliability.



Figure 12 presents the Ctime box-plot results for the five methods. In Figure 12, the BKA and GTO exhibit relatively short Ctime values. TLBO exhibits a slightly longer Ctime, and the SRQ-BKA lies between SAO and TLBO. However, the Ctime difference between the SRQ-BKA and BKA is less than 2 s. Considering the SRQ-BKA’s advantages in accuracy and stability, this slight time difference does not affect the practical applicability of the parameter-identification method.




4.4. Experiment 3: Comparative Study of Parameter Identification for the SDM, DDM, and TDM


The main PV cell models include the SDM, DDM, and TDM, each with distinct characteristics in terms of computational complexity and accuracy. The SDM has a simple structure and is easy to compute, but its accuracy is relatively low. The TDM, although providing the highest accuracy, is limited in practical application due to its complex computational process. The DDM strikes a good balance between computational accuracy and practicality, particularly in representing I-V characteristics under low-irradiance and high-temperature conditions. In this section, the parameter-identification results of the three models are compared to verify the practicality of the proposed method.



For the TSM-240 PV module, five different methods are applied for parameter identification, and their performance is evaluated based on RMSE. Table 14 presents the parameter-identification results for the three models, showing that the SRQ-BKA, GTO, and BKA perform excellently in the SDM, DDM, and TDM parameter identification, outperforming the other methods.



From an overall accuracy perspective, the RMSE of the DDM is lower than that of the SDM, indicating its higher accuracy in PV modeling. Moreover, for the DDM and TDM, the parameter-identification accuracy of the same optimization methods is similar, but the performance of the three leading methods is particularly outstanding.



Figure 13 shows that the RMSE of the SDM is higher than that of the DDM and TDM. For the SRQ-BKA, GTO, and BKA optimization methods, the RMSE values of the DDM and TDM are quite similar. Among these methods, the lowest RMSE value is achieved by the SRQ-BKA. The experiment indicates that the DDM offers an accuracy advantage, along with strong applicability and development potential. Furthermore, the SRQ-BKA demonstrates high accuracy in the SDM, DDM, and TDM, further validating the practicality of the proposed method.



Table 15 shows the parameter-identification speed of the three models, indicating that the identification speeds of the SRQ-BKA, GTO, and BKA are similar for the corresponding models. Figure 14 illustrates that the Ctime for the TDM is higher than that of the DDM and SDM. Within each corresponding diode model, the Ctime values of the SRQ-BKA, GTO, and BKA are quite similar. In terms of overall computational cost, the SDM achieves the fastest speed; however, as shown in Figure 13, its identification accuracy is not guaranteed. Moreover, the Ctime of the DDM is lower than that of the TDM, indicating that the DDM offers higher efficiency in PV modeling. Specifically, the Ctime values of the SRQ-BKA, GTO, and BKA for DDM identification are 21.89987 s, 20.94537 s, and 20.12758 s, which are significantly lower than the corresponding TDM values of 32.59736 s, 32.95732 s, and 31.80107 s.



In conclusion, the DDM exhibits high computational accuracy and strong applicability in PV modeling, particularly achieving the best performance when optimized using the BKA, GTO, and SRQ-BKA. Additionally, the SRQ-BKA method not only fully leverages the theoretical advantages of the DDM but also demonstrates outstanding identification accuracy in the SDM, DDM, and TDM, further confirming its practicality and reliability. As a result, the combination of the DDM with SRQ-BKA optimization holds significant development potential and provides superior solutions for PV-system modeling.




4.5. Discussion


The three experiments conducted in this study comprehensively validate the performance of the proposed SRQ-BKA. In experiment 1, the SRQ-BKA outperforms a range of traditional and modern MAs on benchmark functions, particularly under complex multimodal and noisy conditions, demonstrating superior global optimization and convergence speed. In experiment 2, where the SRQ-BKA is applied for parameter identification of the DDM using real I-V measurements, it achieves the lowest RMSE and the most accurate curve fitting, highlighting its practical effectiveness. Experiment 3 confirms its robustness, as the SRQ-BKA maintains its performance advantage across the SDMs, DDMs, and TDMs, demonstrating its generalizability to different PV model structures.



The outstanding performance of the algorithm is primarily attributed to its hybrid strategy. The SRL mechanism enhances population diversity and prevents premature convergence. The SRS mechanism dynamically adjusts search intensity, effectively balancing exploration and exploitation. The QI mechanism improves local-search precision in the later stages. The integration of these mechanisms leads to higher accuracy, faster convergence, and greater stability compared with existing algorithms.



According to the experimental results, the SRQ-BKA consistently excels in handling complex multimodal problems, real-world PV model identification, and various PV model structures. The combination of SRL, SRS, and QI enhances its global-search ability, local precision, and convergence speed, making it a highly effective optimization method.



In addition to its optimization performance, the SRQ-BKA exhibits desirable characteristics for practical deployment in PV systems. As a population-based algorithm, the fitness evaluations of individuals within each iteration are mutually independent, which enables efficient parallel implementation using multi-threading or GPU acceleration. Moreover, the algorithm maintains a fixed iteration count and employs lightweight enhancement mechanisms, making it suitable for near real-time applications such as online parameter estimation and fault detection in PV systems, without imposing significant computational overhead.





5. Conclusions


This research addresses the engineering challenge of PV model parameter identification by proposing an improved Black-Winged Kite Algorithm (SRQ-BKA). The method enhances parameter identification accuracy through key improvements in initialization, optimization, and convergence. The SRL mechanism replaces traditional random initialization, improving the quality of the parameter distribution. A dynamic search strategy based on SRS adapts the search step size, effectively balancing global exploration and local refinement. Additionally, the QI mechanism accelerates convergence and further refines the solution. In the TSM-240 module test, the SRQ-BKA achieves a significant improvement, reducing the final RMSE to 0.00262A.



The SRQ-BKA outperforms the BKA, GTO, GWO, SAO, RIME, DE, GA, and TLBO in convergence accuracy and speed across benchmark functions F5, F7, and F10. In the F5 test, the SRQ-BKA accurately reaches the global optimum. In the noisy F7 function, it improves accuracy by 47% and speeds up by 39% compared with GTO. For the multimodal F10 function, the SRQ-BKA achieves the optimal value in 27 iterations, which is 120 fewer than the BKA. These results demonstrate the outstanding potential of the SRQ-BKA in PV model parameter identification. It also excels in identifying parameters under various environmental conditions. At 379 W/m2 irradiance and 27.9 °C temperature, the SRQ-BKA achieves the lowest RMSE of 0.00262 A. Even at a higher irradiance of 900 W/m2 and temperature of 47.8 °C, the RMSE remains low at 0.00823 A, with an R2 greater than 0.99998, indicating excellent accuracy. The P-V curve closely matches the measured data, confirming the algorithm’s reliability. In 1000 repeated experiments, the RMSE range for the SRQ-BKA is from 0.00184 to 0.00422, significantly outperforming comparison algorithms, showcasing its stability. Additionally, the SRQ-BKA demonstrates versatility in parameter identification for the SDM, DDM, and TDM. For the DDM, the SRQ-BKA achieves an RMSE of 0.00279 A and a Ctime of 21.90 s, improving speed by nearly 35% compared to the TDM while maintaining similar accuracy.



Although the proposed SRQ-BKA demonstrates high accuracy and robustness in both benchmark evaluations and real-world photovoltaic system experiments, certain limitations persist. The algorithm is sensitive to environmental disturbances, particularly under rapidly fluctuating irradiance and temperature conditions, which may lead to performance variability. Moreover, its dependence on high-quality, representative I-V datasets make it susceptible to degraded identification accuracy when the data are noisy or incomplete. In response to these limitations, future research will focus on developing enhanced noise-resilient mechanisms, implementing real-time online parameter identification for PV modules, and systematically evaluating the algorithm’s adaptability and stability under extreme climatic conditions.







Author Contributions


Methodology, Q.C. Resources, K.D. Software, X.C. Validation, Z.Y. Formal analysis, F.T. Data curation, M.X. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by Changzhou Sci & Tech Program (Grant No. CJ20240092) and the Fundamental Research Funds for the Central Universities (Grant No. B240201183).




Data Availability Statement


Data are contained within the article.




Conflicts of Interest


The authors declare no conflicts of interest.




Abbreviations


The following abbreviations are used in this manuscript:



	
ABC

	
Artificial bee colony algorithm

	
MPA

	
Marine predators algorithm




	
ASO

	
Atom search algorithm

	
MRIME

	
Modified rime-ice growth optimizer




	
BKA

	
Black-winged kite algorithm




	
CGH-GTO

	
Combination method based on IGWO, HBA, and GTO

	
OBL

	
Opposition-based learning




	
PAs

	
Physics-based algorithms




	
CI

	
Confidence interval

	
PDLO

	
Polynomial differential learning operator




	
CSA

	
Cooperation search algorithm




	
Ctime

	
Computation time

	
PSO

	
Particle swarm optimization




	
DDM

	
Double diode model

	
PV

	
Photovoltaic




	
DE

	
Differential evolution

	
QI

	
Quadratic interpolation




	
EAs

	
Evolutionary algorithms

	
R2

	
Coefficient of determination




	
EO

	
Equilibrium optimizer

	
RIME

	
Rime optimization algorithm




	
GA

	
Genetic algorithm

	
RMSE

	
Root mean square error




	
GTO

	
Artificial gorilla troops optimizer

	
SAO

	
Snow ablation optimizer




	
GWO

	
Gray wolf optimizer

	
SAs

	
Swarm-intelligence algorithms




	
GWOCS

	
Combination method based on the GWO and cuckoo search

	
SD

	
Standard deviation




	
SDM

	
Single diode model




	
HAs

	
Human-inspired algorithms

	
SNO

	
Social network optimization




	
HBA

	
Hummingbird algorithm

	
SRL

	
Specular reflection learning




	
IFDA

	
Improved flow direction algorithm

	
SRQ-BKA

	
Combination method based on SRL, SRS, QI and BKA




	
IGWO

	
Improved GWO

	
SRS

	
Soft rime search




	
MAE

	
Mean absolute error

	
STC

	
Standard test conditions




	
MAPE

	
Mean absolute percentage error

	
TDM

	
Triple diode model




	
MAs

	
Metaheuristic algorithms

	
TLBO

	
Teaching-learning-based optimization




	
MGA

	
Material generation algorithm




	
MKOA

	
Multi-strategy fused kepler optimization algorithm

	
WOA

	
Whale optimization algorithm
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Figure 1. Framework of the proposed method for seven-model parameter identification. 
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Figure 2. Process of the SRQ-BKA. 
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Figure 3. Equivalent circuit of double diode model (DDM). 
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Figure 4. Visual distribution of random, OBL, and SRL. 
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Figure 5. I-V curve and ambient parameter measurement system. 
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Figure 6. Iteration optimization search curves of different MAs: (a) F5; (b) F7; (c) F10. 
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Figure 7. Comparison of model parameter identification results for 9 methods under environmental conditions (379 W/m2, 27.9 °C): (a) 2D iteration curve, (b) 3D iteration curve, (c) I-V curve, (d) P-V curve. 
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Figure 8. Comparison of model parameter identification results for 9 methods under environmental conditions (590 W/m2, 36.5 °C): (a) 2D iteration curve, (b) 3D iteration curve, (c) I-V curve, (d) P-V curve. 
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Figure 9. Comparison of model parameter identification results for 9 methods under environmental conditions (900 W/m2, 47.8 °C): (a) 2D iteration curve, (b) 3D iteration curve, (c) I-V curve, (d) P-V curve. 
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Figure 10. Comparison of evaluation metrics for model parameter identification results of different methods: (a) MAE, (b) MAPE, (c) R2, (d) RMSE, (e) Ctime. 
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Figure 11. RMSE box plot of 1000 repetition experiments for five methods. 
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Figure 12. Ctime box plot of 1000 repetition experiments for five methods. 






Figure 12. Ctime box plot of 1000 repetition experiments for five methods.



[image: Machines 13 00706 g012]







[image: Machines 13 00706 g013] 





Figure 13. RMSE comparison for SDM, DDM, and TDM parameter identification. 
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Figure 14. Ctime comparison for SDM, DDM, and TDM parameter identification. 
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Table 1. Structural and performance differences between the BKA and SRQ-BKA.
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	Aspect
	BKA
	SRQ-BKA
	Improvement





	Initialization
	Random
	SRL
	Better diversity



	Attacking phase
	Sinusoidal

update
	Sinusoidal + SRS
	Balanced exploration–exploitation



	Migration phase
	Cauchy peer

comparison
	Same as original
	Retained for global exploration



	Local refinement
	Not included
	QI
	Improved convergence and accuracy



	Overall

structure
	Basic movement

strategy
	SRL + SRS + QI
	More adaptive and stable optimization



	Application
	Moderate accuracy
	High accuracy, robust under varying conditions
	Better practical use










 





Table 2. Pseudocode of the SRQ-BKA.
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	Algorithm: SRQ-BKA



	Input:



	    N: population size. T: maximum iterations.



	    D: solution dimension. [lb, ub]: search bounds.



	    f(x): objective function.



	Output:



	    Best_Pos: best solution. Best_Fit: best fitness value.



	1:    Initialize population X within [lb, ub]



	2:    Evaluate fitness of X and set Best_Pos, Best_Fit



	3:    for t = 1 to T do



	4:            Sort population and update Best_Pos



	5:            // SRL: Specular Reflection Learning



	6:            Generate mirrored candidates from elite individuals



	7:            Replace individuals if mirrored candidates perform better



	8:            for each X_i in population do



	9:              // Attacking phase



	10:            Update X_i via sinusoidal or Soft Rime Search (SRS)



	11:            // Migration phase



	12:            Adjust X_i using Cauchy-based peer comparison



	13:            // QI: Quadratic Interpolation refinement



	14:            Generate new candidate from X_i, mean(X), and Best_Pos



	15:            Replace X_i if the new candidate improves fitness



	16:        end for



	17:        Record Best_Fit



	18: end for



	19: Return Best_Pos, Best_Fit










 





Table 3. Specification of TSM-240 under STC.
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	Parameter
	Symbol
	Value





	Maximum power
	Pmax,stc
	240 W



	Voltage at maximum power point
	Vmax,stc
	29.7 V



	Current at maximum power point
	Imax,stc
	8.1 A



	Short-circuit current
	Isc,stc
	8.62 A



	Open-circuit voltage
	Voc,stc
	37.3 V



	Temperature coefficient of Isc
	αstc
	0.047%/°C.



	Temperature coefficient of Voc
	βstc
	−0.32%/°C.



	Number of cells in series
	Np
	60










 





Table 4. Benchmark test function details.
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	Code
	Function
	Domain





	F5
	   y =   ∑  i = 1   n − 1    [ 100   (  x  i + 1   −  x i 2  )  2  +   (  x i  − 1 )  2  ]   
	[−30, 30]



	F7
	   y =   ∑  i = 1  n   i  x i 4  + r a n d o m [ 0 , 1 )   
	[−1.28, 1.28]



	F10
	   y = − 20 exp ( − 0.2     1 n     ∑  i = 1  n    x i 2    ) − exp (   1 n     ∑  i = 1  n   cos ( 2 π  x i  ) ) + 20 + e   
	[−32, 32]










 





Table 5. Measured and estimated I-V data with error metrics under Condition 1 (379 W/m2, 27.9 °C) using the proposed method.
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	Voltage (V)
	Measured

Current (A)
	Estimated

Current (A)
	Absolute

Error (A)
	Relative

Error (%)





	0.340
	3.294
	3.294
	0.000
	0.008



	2.753
	3.285
	3.286
	0.001
	0.034



	5.165
	3.278
	3.279
	0.001
	0.016



	7.578
	3.272
	3.272
	0.000
	0.007



	9.990
	3.268
	3.268
	0.000
	0.012



	12.403
	3.266
	3.267
	0.001
	0.023



	14.815
	3.264
	3.264
	0.000
	0.010



	17.228
	3.262
	3.264
	0.002
	0.063



	19.640
	3.259
	3.261
	0.002
	0.075



	22.053
	3.253
	3.252
	0.001
	0.019



	24.465
	3.238
	3.240
	0.002
	0.047



	26.878
	3.185
	3.185
	0.000
	0.005



	28.600
	3.082
	3.082
	0.000
	0.012



	28.950
	3.047
	3.049
	0.002
	0.073



	29.140
	3.025
	3.023
	0.002
	0.074



	29.630
	2.957
	2.955
	0.002
	0.073



	30.087
	2.879
	2.876
	0.003
	0.087



	30.543
	2.781
	2.783
	0.002
	0.063



	31.000
	2.660
	2.661
	0.001
	0.055



	31.457
	2.518
	2.520
	0.002
	0.077



	31.913
	2.345
	2.348
	0.003
	0.107



	32.370
	2.139
	2.141
	0.002
	0.073



	32.827
	1.891
	1.891
	0.000
	0.011



	33.283
	1.607
	1.608
	0.001
	0.092



	33.740
	1.284
	1.282
	0.002
	0.156



	34.197
	0.917
	0.918
	0.001
	0.080



	34.653
	0.506
	0.504
	0.002
	0.369



	35.110
	0.060
	0.062
	0.002
	3.883










 





Table 6. Measured and estimated I-V data with error metrics under Condition 2 (590 W/m2, 36.5 °C) using the proposed method.
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	Voltage (V)
	Measured

Current (A)
	Estimated

Current (A)
	Absolute

Error (A)
	Relative

Error (%)





	0.540
	5.152
	5.152
	0.000
	0.006



	2.777
	5.139
	5.138
	0.001
	0.022



	5.103
	5.129
	5.131
	0.002
	0.039



	7.430
	5.123
	5.126
	0.003
	0.051



	9.757
	5.120
	5.120
	0.000
	0.001



	12.083
	5.117
	5.113
	0.004
	0.080



	14.410
	5.114
	5.112
	0.002
	0.032



	16.737
	5.110
	5.112
	0.002
	0.036



	19.063
	5.103
	5.103
	0.000
	0.006



	21.390
	5.093
	5.093
	0.000
	0.003



	23.717
	5.072
	5.074
	0.002
	0.033



	26.043
	4.980
	4.978
	0.002
	0.035



	27.750
	4.793
	4.794
	0.001
	0.028



	27.920
	4.765
	4.766
	0.001
	0.011



	27.950
	4.760
	4.764
	0.004
	0.089



	28.230
	4.707
	4.707
	0.000
	0.010



	28.787
	4.581
	4.581
	0.000
	0.005



	29.345
	4.421
	4.419
	0.002
	0.055



	29.902
	4.219
	4.219
	0.000
	0.002



	30.460
	3.983
	3.981
	0.002
	0.039



	31.017
	3.689
	3.686
	0.003
	0.083



	31.575
	3.334
	3.337
	0.003
	0.078



	32.132
	2.915
	2.915
	0.000
	0.003



	32.690
	2.458
	2.460
	0.002
	0.076



	33.247
	1.949
	1.951
	0.002
	0.087



	33.805
	1.365
	1.362
	0.003
	0.221



	34.362
	0.703
	0.699
	0.004
	0.556



	34.920
	0.046
	0.041
	0.005
	9.881










 





Table 7. Measured and estimated I-V data with error metrics under Condition 3 (900 W/m2, 47.8 °C) using the proposed method.
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	Voltage (V)
	Measured

Current (A)
	Estimated

Current (A)
	Absolute

Error (A)
	Relative

Error (%)





	0.900
	7.883
	7.886
	0.003
	0.032



	2.952
	7.875
	7.871
	0.004
	0.052



	5.133
	7.869
	7.870
	0.001
	0.017



	7.315
	7.864
	7.867
	0.003
	0.037



	9.497
	7.859
	7.859
	0.000
	0.003



	11.678
	7.854
	7.855
	0.001
	0.017



	13.860
	7.848
	7.846
	0.002
	0.032



	16.042
	7.839
	7.837
	0.002
	0.025



	18.223
	7.827
	7.824
	0.003
	0.042



	20.405
	7.807
	7.806
	0.001
	0.009



	22.587
	7.743
	7.742
	0.001
	0.018



	24.768
	7.552
	7.552
	0.000
	0.005



	25.970
	7.315
	7.317
	0.002
	0.027



	26.180
	7.260
	7.257
	0.003
	0.039



	26.400
	7.198
	7.199
	0.001
	0.019



	27.000
	7.001
	7.001
	0.000
	0.001



	27.613
	6.755
	6.755
	0.000
	0.006



	28.227
	6.459
	6.461
	0.002
	0.026



	28.840
	6.109
	6.110
	0.001
	0.010



	29.453
	5.699
	5.699
	0.000
	0.006



	30.067
	5.223
	5.224
	0.001
	0.024



	30.680
	4.666
	4.667
	0.001
	0.013



	31.293
	4.046
	4.043
	0.003
	0.067



	31.907
	3.365
	3.362
	0.003
	0.097



	32.520
	2.625
	2.622
	0.003
	0.111



	33.133
	1.819
	1.817
	0.002
	0.094



	33.747
	0.951
	0.944
	0.007
	0.754



	34.360
	0.053
	0.056
	0.003
	5.978










 





Table 8. Evaluation metrics of 9 methods under conditions (379 W/m2, 27.9 °C).
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	Method
	RMSE (A)
	MAE (A)
	MAPE (%)
	R2
	Ctime (s)





	BKA
	0.00793
	0.00704
	0.85622
	0.99989
	22.12215



	GTO
	0.00596
	0.00514
	0.62538
	0.99996
	23.65441



	GWO
	0.08145
	0.07193
	8.23591
	0.99271
	22.35456



	SAO
	0.02653
	0.02026
	2.33716
	0.99917
	21.87894



	RIME
	0.08961
	0.07929
	9.73165
	0.99165
	28.54568



	DE
	0.07355
	0.06466
	6.16545
	0.99322
	27.57654



	GA
	0.09079
	0.08038
	9.85653
	0.99124
	54.72315



	TLBO
	0.01813
	0.01357
	1.07163
	0.99970
	31.54447



	SRQ-BKA
	0.00262
	0.00193
	0.13107
	0.99999
	23.33585










 





Table 9. Evaluation metrics of 9 methods under conditions (590 W/m2, 36.5 °C).
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	Method
	RMSE (A)
	MAE (A)
	MAPE (%)
	R2
	Ctime (s)





	BKA
	0.00959
	0.00757
	0.73643
	0.99995
	19.48948



	GTO
	0.00876
	0.00694
	0.69541
	0.99996
	21.75889



	GWO
	0.08854
	0.07756
	15.63727
	0.99624
	21.08694



	SAO
	0.03359
	0.03081
	2.56456
	0.99958
	17.74258



	RIME
	0.09402
	0.08024
	12.13256
	0.99492
	24.98591



	DE
	0.06413
	0.05613
	6.65565
	0.99793
	23.84567



	GA
	0.09113
	0.07931
	13.59581
	0.99587
	37.46544



	TLBO
	0.02722
	0.02463
	1.86554
	0.99967
	28.15786



	SRQ-BKA
	0.00671
	0.00512
	0.52945
	0.99998
	22.15682










 





Table 10. Evaluation metrics of 9 methods under conditions (900 W/m2, 47.8 °C).
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	Method
	RMSE (A)
	MAE (A)
	MAPE (%)
	R2
	Ctime (s)





	BKA
	0.00963
	0.00778
	0.38146
	0.99998
	20.67865



	GTO
	0.00856
	0.00690
	0.32955
	0.99999
	21.08977



	GWO
	0.09631
	0.08504
	8.57161
	0.99862
	18.46703



	SAO
	0.02742
	0.02484
	3.20456
	0.99983
	12.54764



	RIME
	0.09513
	0.08405
	8.54563
	0.99877
	23.54232



	DE
	0.05355
	0.04644
	7.88791
	0.99959
	22.45343



	GA
	0.09725
	0.08507
	15.4655
	0.99856
	34.44596



	TLBO
	0.03504
	0.03181
	4.69872
	0.99978
	25.63715



	SRQ-BKA
	0.00823
	0.00673
	0.32714
	0.99999
	22.75781










 





Table 11. Identified DDM parameters under different environmental conditions by the SRQ-BKA.
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	Parameter
	Condition 1

(379 W/m2, 27.9 °C)
	Condition 2

(590 W/m2, 36.5 °C)
	Condition 3

(900 W/m2, 47.8 °C)





	Iph (A)
	3.12
	4.86
	7.23



	I01 (A)
	2.32 × 10−10
	3.91 × 10−10
	5.87 × 10−10



	I02 (A)
	1.13 × 10−8
	2.06 × 10−8
	3.31 × 10−8



	A1
	1.18
	1.19
	1.22



	A2
	1.45
	1.47
	1.51



	Rs (Ω)
	0.26
	0.25
	0.23



	Rsh (Ω)
	490.38
	472.70
	455.82










 





Table 12. Average RMSE and Ctime of 5 methods after 1000 repeated experiments.
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	Index
	BKA
	GTO
	SAO
	TLBO
	SRQ-BKA





	RMSE (A)
	0.00824
	0.00633
	0.02790
	0.02031
	0.00278



	Ctime (s)
	20.87567
	21.15738
	21.97542
	28.78677
	22.44563










 





Table 13. Standard deviation and 95% confidence interval of RMSE for 5 methods based on 1000 trials.
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	Method
	SD (A)
	95% CI of RMSE (A)
	Confidence Interval Width





	BKA
	0.00181
	[0.00813, 0.00835]
	0.00022



	GTO
	0.00226
	[0.00619, 0.00647]
	0.00028



	SAO
	0.00477
	[0.02760, 0.02820]
	0.00060



	TLBO
	0.00566
	[0.01996, 0.02067]
	0.00071



	SRQ-BKA
	0.00156
	[0.00268, 0.00288]
	0.00020










 





Table 14. Comparison of RMSE results for five methods applied to the SDM, DDM, and TDM.
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	Method
	RMSE (A)—SDM
	RMSE (A)—DDM
	RMSE (A)—TDM





	BKA
	0.00735
	0.00613
	0.00571



	GTO
	0.00662
	0.00501
	0.00487



	SAO
	0.02878
	0.02207
	0.01712



	TLBO
	0.02313
	0.01975
	0.01503



	SRQ-BKA
	0.00572
	0.00279
	0.00266










 





Table 15. Comparison of Ctime results for five methods applied to the SDM, DDM, and TDM.
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	Method
	Ctime (s)—SDM
	Ctime (s)—DDM
	Ctime (s)—TDM





	BKA
	12.31048
	20.12758
	31.80107



	GTO
	11.90859
	20.94537
	32.95732



	SAO
	13.58206
	21.56345
	36.95821



	TLBO
	15.33927
	26.71751
	51.96223



	SRQ-BKA
	13.15650
	21.89987
	32.59736
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