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1 INTRODUCTION

Since the 21st century, the global economy has developed rapidly, global energy resources have
been decreasing and environmental problems have become increasingly prominent (Wang et al.,
2020). Solar energy has become the most promising renewable energy source due to its abundant
resources and wide distribution (Xi et al., 2016). Therefore, the development and utilization of
solar photovoltaic technology is one of the important measures to achieve carbon peaking and
carbon neutrality (Yang et al., 2020a). In particular, photovoltaic (PV) system has the
characteristics of no danger of depletion, no need to consume fuel, high energy quality and
short construction period, which has attracted widespread attention around the world (Yang
et al., 2020b). However, PV system has highly nonlinear properties. Therefore, in order to achieve
accurate modeling of PV systems, it is crucial to improve the accuracy of PV system parameter
identification. So far, meta-heuristic-based parameter identification strategies for PV systems
have been widely used. However, there are still many challenges to improve the accuracy of PV
system parameter identification (Sun and Yang, 2020). In the current published literature,
strategies to improve the identification accuracy of PV system parameters have not been fully
considered, and the potential risks it brings are worth considering. This paper clarifies the above
problems and puts forward some views on the problems existing in the identification of PV system
parameters.

2 BASIC INTRODUCTION OF PHOTOVOLTAIC MODEL TYPES

At present, the accuracy of PV system parameter identification is improved by studying the dynamic
behavior and output characteristics of different types of PV cell models under different operating
states. So as to achieve accurate performance analysis, optimize design and improve the accuracy of
PV system parameter identification. Among them, the most common models of PV cells are single
diode model (SDM) (Sun and Yang, 2020; Yang et al., 2020c), double diode model (DDM) (Sun and
Yang, 2020) and three diode model (TDM) (Kalyan and Rao, 2021). As can be seen from Table 1, the
structures of these three PV models are basically similar, and what they have in common is that they
all consist of a series resistor, a shunt resistor, and an ideal current source (Liu et al., 2021). In
addition, the number of parallel diodes in the photovoltaic cell determines the model of the
photovoltaic cell. Among them, the identified parameters of SDM are Iph, I0, Rs, Rsh, and a, the
identified parameters of DDM are Iph, I01, I02, Rs, Rsh, a1, and a2, and the identified parameters of
TDM is Iph, I01, I02, I03, Rs, Rsh, a1, a2, and a3. It is easy to find that the more complex the structure
of PV system, the higher the complexity of modeling (Ma et al., 2014).
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In addition, Table 1 provides the identification parameters,
model drawing and output I-V equation of the three PV cell
models, where K represents the Boltzmann constant; Rsh denotes
the shunt resistor; Ish represents the current flowing through the
shunt resistor; T denotes PV cell operating temperature; and VT

means the thermal voltage, the formula is as follows (Hejri et al.,
2014):

VT � NsKT

q
(1)

where Ns refers to the number of photovoltaic cells in the
photovoltaic panel; q means the electron charge, and q �
1.6 × 10−19C.

Moreover, the advantages of SDM are low circuit structure
complexity, simple control structure, easy hardware application,
and low cost (Yang et al., 2020d). The disadvantages of SDM are
the non-uniform output characteristics of this model, lack of
stable performance under partial shading condition (PSC), and
low efficiency in replicating accurate I-V curves (Gomes et al.,
2017; Qais et al., 2019). Therefore, SDM is the most widely used
PV model due to its simple structure and easy application, which
is suitable for PV systems that require fast response and low
manufacturing cost. In addition, the advantages of DDM are that
the fit of the I-V curve is high, satisfactory performance under
standard test condition and simple hardware implementation
(Rajasekar et al., 2013). The disadvantage of DDM is that the

circuit complexity and implementation cost are slightly higher
(SudhakarBabu et al., 2016), and it is necessary to ensure the
normal operation of the model in a standard test condition
(Askarzadeh and Rezazadeh, 2012). Therefore, in practical
applications of DDM, the model has strict requirements on
environmental changes, and needs to output the I-V
characteristics curves accurately at low irradiation levels.
Finally, the advantages of TDM are that the I-V curve fits the
best among the three PV cell models (Kler et al., 2017), and it can
clearly determine the current components of the PV cell (Ayodele
et al., 2016). The disadvantage of TDM is that the modeling is
complex, the operation and maintenance costs are high, and the
hardware implementation is complex (Liu et al., 2020). In
particular, TDM can be used to describe the complex physical
behavior of polycrystalline silicon solar cells, which is suitable for
studying the output I-V characteristics of large-area industrial
silicon solar cells.

3 PARAMETER IDENTIFICATION BASED
ON META-HEURISTIC ALGORITHMS

Meta-heuristic algorithm is a method inspired by the operating
laws of nature or the experience and rules oriented to specific
problems (Chen et al., 2018). In addition, Meta-heuristic
algorithms have been widely used due to the large amount of

TABLE 1 | Three photovoltaic cell types.

Diode
Model

Model Drawing Output I-V Equation Identified Parameters

SDM I � Iph − I0[exp(q(V+IRs)
aKT ) − 1] − V+IRs

Rsh
Iph, I0, Rs, Rsh, and a

DDM I � Iph − I01[exp(q(V+IRs)
a1VT

) − 1] − I02[exp(q(V+IRs )
a2VT

) − 1] − V+IRs
Rsh

Iph, I01, I02, Rs, Rsh, a1,
and a2

TDM I � Iph − I01[exp(q(V+IRs0(1+KI))
a1VT

) − 1] − I02[exp(q(V+IRs0(1+KI))
a2VT

) − 1]

−I03[exp(q(V + IRs0(1 + KI))
a3VT

) − 1] − V + IRs0(1 + KI)
Rsh

Iph, I01, I02, I03, Rs, Rsh,
a1, a2, and a3
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computation of Meta-heuristic algorithms, with the development
of computer technology (Xiong et al., 2021). In particular, PV
system parameter identification is a multi-variable, multi-peak
nonlinear function optimization problem. Thus, the Meta-
heuristic algorithm has the advantages of improving the
calculation accuracy, reducing the amount of calculation, fast
convergence, and obtaining high-quality optimal solutions, which
canmake up for the above shortcomings to a great extent. So far, a
variety of meta-heuristic algorithms have been applied to the
parameter identification of PV systems (Erdiwansyah and Husin,
2021), e.g., biogeography based optimization (BBO) (Padhy and
Panda, 2021), improved antlion optimizer (IAIO) algorithm
(Muniappan, 2021), artificial bee swarm optimization (ABSO)
(Niu et al., 2014a), bird mating optimization (BMO) algorithm
(Wu et al., 2017), flower pollination algorithm (FPA)
(Askarzadeh and Rezazadeh, 2013a), artificial immune system
(AIS) algorithm (Askarzadeh and Rezazadeh, 2013b), Lozi map-
based chaotic optimization algorithm (LCOA) (Alam et al., 2015).

In addition, the currently used meta-heuristic algorithms still
have some shortcomings in terms of operation time and
convergence accuracy, and are prone to fall into local
optimum (Diabat et al., 2013). Therefore, a series of improved
meta-heuristics are proposed to avoid getting stuck in local
optimization and improve the convergence accuracy
(Pourmousa et al., 2019). References (Muniappan, 2021),
(Muhsen et al., 2015) developed an antlion optimizer (ALO)
algorithm imitates the intelligent behavior of ants when hunting
ants in nature, avoids local optima, and requires fewer control
parameters with simplicity (Moshksar and Ghanbari, 2017). In
addition, in order to improve the search efficiency of the
algorithm and avoid premature convergence, an improved
antlion optimizer (IAIO) algorithm was proposed (Silva et al.,
2016). Compared with the original ALO algorithm, the chaotic
sequence and position update formula of the particle swarm
algorithm are introduced into the ant-lion optimization
algorithm (Zagrouba et al., 2010). In work (Askarzadeh and
Rezazadeh, 2013a), (Thanh and Pora, 2016) studied a flower
pollination algorithm (FPA) mainly imitates the pollination
process of flowers in nature, and iteratively executes the two
operators of cross-pollination and self-pollination until the
convergence conditions are met (Zagrouba et al., 2010).
However, there are problems such as poor local depth search
ability, slow convergence in the later stage, and low optimization
accuracy. In order to solve the above problems, a new hybrid bee
pollinator FPA (BPFPA) was proposed in the literature (Dizqah
et al., 2014). The unique crossover between bee search algorithms,
resulting in randomness to control variables, and the mutation
process in local search add greater search capabilities to the
BFFPA (Fathy and Rezk, 2017). References (Ismail et al.,
2013), (Patel et al., 2014) adopted the teaching-learning-based
optimization (TLBO) is a population-based heuristic random
group intelligent algorithm (Niu et al., 2014b). Compared with
other algorithms, the main advantages of the teaching
optimization algorithm lie in the advantages of simple
concept, small amount of hyperparameters, and fast
convergence, but the initial solution set will change during the
search process, and the population diversity cannot be well

maintained. It will lead to unstable results and insufficient
global search ability (Kumari and Geethanjali, 2017).
Therefore, an improved TLBO (STLBO) algorithm (Muhsenab
et al., 2015) is proposed to address the above problems. A semi-
exponential step size (SESS) is adopted in STLBO, which focuses
on small λ, which improves the optimization ability of the
algorithm.

However, the meta-heuristic algorithm has certain defects,
because the optimal solution will be affected by the number of
iterations and the number of populations, so it has a certain
randomness (Muangkote et al., 2019). Therefore, artificial neural
network (ANN) can be considered to improve the accuracy of PV
system parameter identification. In particular, there aremany types
of artificial neural networks. For example, Bayesian regularized
neural network (BRNN), deep belief network (DBN), hidden semi-
Markmodel (HSMM) and Levenberg-Marquardt backpropagation
(LMBP) algorithm have been successfully used to improve the
parameter identification accuracy of fuel cells (Han and Ghadimi,
2022). Besides, it is necessary to fully consider the influence of noise
in the experimental environment on the experimental data. The
influence of noise data on the accuracy of parameter identification
is unavoidable, which will greatly reduce the convergence accuracy.
Therefore, it is possible to take full advantage of the combination of
neural network and meta-heuristic algorithm. In addition, BRNN
can be used to denoise the experimental data, and by filtering the
noise data in the experimental data, the phenomenon of overfitting
can be effectively prevented. Then, the processed experimental data
is substituted into the meta-heuristic algorithm for optimization
calculation, and finally the accurate modeling of the PV system is
realized, thereby improving the parameter identification accuracy
of the PV system. In addition, the influence of the temperature and
pressure of the experimental environment on the parameter
identification accuracy should also be considered in the
parameter identification of the photovoltaic system. Therefore,
the experimental temperature and pressure can be classified and
studied, e.g., 1) low pressure high temperature (LPHT), 2) medium
pressure medium temperature (MPMT) and 3) high pressure low
temperature (HPLT), making the experimental results more
convincing.

4 DISCUSSION AND CONCLUSION

In order to analyze and study the power generation efficiency of
the PV systemmore accurately, it is necessary to accurately model
the system to facilitate the study. In particular, parameter
identification is required to process related parameters when
modeling the PV system. Therefore, the accuracy of parameter
identification directly affects the accurate modeling of the PV
system. At present, there are still some problems in the
convergence accuracy and practicability of the meta-heuristic
algorithm widely used in parameter identification, as follows:

Only using the meta-heuristic algorithm will cause the
optimization results to be highly random and prone to
overfitting. And the convergence speed and accuracy of such
algorithms are greatly affected by the amount of experimental
data. Therefore, the artificial neural network can be considered in
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the parameter identification, and the experimental data can be
expanded through the artificial neural network training data. In
addition, when acquiring experimental data, noise data will
inevitably be generated, which will affect the accuracy of
parameter identification. Therefore, by combining artificial
neural network and meta-heuristic algorithm, a neural
network model with good generalization ability can be
established first, the experimental data can be denoised, and
then the processed data can be substituted into the meta-
heuristic algorithm for searching. Optimized processing,
thereby improving the parameter identification accuracy of the
PV system. At the same time, similar to the parameter
identification of fuel cells, the influence of different
temperatures and pressures on the accuracy of parameter
identification under experimental conditions can be fully
considered. Therefore, the next task for the researchers
involved is to test the feasibility of the proposed ideas in practice.

AUTHOR CONTRIBUTIONS

DL: writing the original draft and editing. BY: conceptualization.
LL: visualization and contributed to the discussion of the topic.
QL: investigation, validation. JD: writing-reviewing and editing.
CG: revised the draft according to the others’ comments.

FUNDING

This work was supported by 2021 Curriculum Ideological and
Political Connotation Construction Project of Kunming
University of Science and Technology (2021KS009, 2021KS037),
Kunming University of Science and Technology Online Open
Course (MOOC) Construction Project (202107), and Key Science
and Technology Projects of China Southern Power Grid
(CGYKJXM20210307, CGYKJXM20210309, CGYKJXM20220052).

REFERENCES

Alam, D. F., Yousri, D. A., and Eteiba, M. B. (2015). Flower Pollination Algorithm
Based Solar PV Parameter Estimation. Energ. Convers. Manag. 101, 410–422.
doi:10.1016/j.enconman.2015.05.074

Askarzadeh, A., and Rezazadeh, A. (2013). Artificial Bee Swarm Optimization
Algorithm for Parameters Identification of Solar Cell Models. Appl. Energ. 102,
943–949. doi:10.1016/j.apenergy.2012.09.052

Askarzadeh, A., and Rezazadeh, A. (2013). Extraction of Maximum Power point in
Solar Cells Using Bird Mating Optimizer-Based Parameters Identification
Approach. Solar Energy 90, 123–133. doi:10.1016/j.solener.2013.01.010

Askarzadeh, A., and Rezazadeh, A. (2012). Parameter Identification for Solar Cell
Models Using harmony Search-Based Algorithms. Solar Energy 86 (11),
3241–3249. doi:10.1016/j.solener.2012.08.018

Ayodele, T. R., Ogunjuyigbe, A. S. O., and Ekoh, E. E. (2016). Evaluation of
Numerical Algorithms Used in Extracting the Parameters of a Single-Diode
Photovoltaic Model. Sustainable Energ. Tech. Assessments 13, 51–59. doi:10.
1016/j.seta.2015.11.003

Chen, J., Yao, W., Zhang, C., Ren, Y., and Jiang, L. (2018). Design of Robust MPPT
Controller for Grid-Connected PMSG-Based Wind Turbine via Perturbation
Observation Based Nonlinear Adaptive Control. Renew. Energ. 101, 34–51.

Diabat, A., Kannan, D., Kaliyan, M., and Svetinovic, D. (2013). An Optimization
Model for Product Returns Using Genetic Algorithms and Artificial Immune
System. Resour. Conservation Recycling 74, 156–169. doi:10.1016/j.resconrec.
2012.12.010

Dizqah, A. M., Maheri, A., and Busawon, K. (2014). An Accurate Method for the
PV Model Identification Based on a Genetic Algorithm and the interior-point
Method. Renew. Energ. 72, 212–222. doi:10.1016/j.renene.2014.07.014

Erdiwansyah, M., and Husin, H. (2021). A Critical Review of the Integration of
Renewable Energy Sources with Various Technologies. Prot. Control. Mod.
Power Syst. 3. doi:10.1186/s41601-021-00181-3

Fathy, A., and Rezk, H. (2017). Parameter Estimation of Photovoltaic SystemUsing
Imperialist Competitive Algorithm. Renew. Energ. 111, 307–320. doi:10.1016/j.
renene.2017.04.014

Gomes, R. C. M., Vitorino, M. A., de Rossiter Correa, M. B., Fernandes, D. A., and
Wang, R. (2017). Shuffled Complex Evolution on Photovoltaic Parameter
Extraction: A Comparative Analysis. IEEE Trans. Sustain. Energ. 8 (2),
805–815. doi:10.1109/tste.2016.2620941

Han, E., and Ghadimi, N. (2022). Model Identification of Proton-Exchange
Membrane Fuel Cells Based on a Hybrid Convolutional Neural Network
and Extreme Learning Machine Optimized by Improved Honey badger
Algorithm. Sust. Energ. Tech. Assessments 52–102005. doi:10.1016/j.seta.
2022.102005

Hejri, M., Mokhtari, H., Azizian, M. R., Ghandhari, M., and Soder, L. (2014). On
the Parameter Extraction of a Five-Parameter Double-Diode Model of

Photovoltaic Cells and Modules. IEEE J. Photovoltaics 4 (3), 915–923.
doi:10.1109/jphotov.2014.2307161

Ismail, M. S., Moghavvemi, M., andMahlia, T. M. I. (2013). Characterization of PV
Panel and Global Optimization of its Model Parameters Using Genetic
Algorithm. Energ. Convers. Manag. 73, 10–25. doi:10.1016/j.enconman.2013.
03.033

Kalyan, C. H. N. S., and Rao, G. S. (2021). Impact of Communication Time Delays
on Combined LFC and AVR of a Multi-Area Hybrid System with IPFC-RFBs
Coordinated Control Strategy. Prot. Control. Mod. Power Syst. 7. doi:10.1186/
s41601-021-00185-z

Kler, D., Sharma, P., Banerjee, A., Rana, K. P. S., and Kumar, V. (2017). PV Cell and
Module Efficient Parameters Estimation Using Evaporation Rate Based Water
Cycle Algorithm. Swarm Evol. Comput. 35, 93–110. doi:10.1016/j.swevo.2017.
02.005

Kumari, P. A., and Geethanjali, P. (2017). Adaptive Genetic Algorithm Based
Multi-Objective Optimization for Photovoltaic Cell Design Parameter
Extraction. Energ. Proced. 117, 432–441. doi:10.1016/j.egypro.2017.05.165

Liu, J., Yao, W., Wen, J., Fang, J., Jiang, L., He, H., et al. (2020). Impact of Power
Grid Strength and PLL Parameters on Stability of Grid-Connected DFIG
Wind Farm. IEEE Trans. Sust. Energ. 11 (1), 545–557. doi:10.1109/tste.2019.
2897596

Liu, S., Zhou, C., and Guo, H. (2021). Operational Optimization of a Building-
Level Integrated Energy System Considering Additional Potential Benefits of
Energy Storage. Prot. Control. Mod. Power Syst. 4. doi:10.1186/s41601-021-
00184-0

Ma, T., Yang, H., and Lu, L. (2014). Development of a Model to Simulate the
Performance Characteristics of Crystalline Silicon Photovoltaic Modules/
strings/arrays. Solar Energy 100, 31–41. doi:10.1016/j.solener.2013.12.003

Moshksar, E., and Ghanbari, T. (2017). Adaptive Estimation Approach for
Parameter Identification of Photovoltaic Modules. IEEE J. Photovoltaics 7
(2), 614–623. doi:10.1109/jphotov.2016.2633815

Muangkote, N., Sunat, K., Chiewchanwattana, S., and Kaiwinit, S. (2019). An
Advanced Onlooker-Ranking-Based Adaptive Differential Evolution to Extract
the Parameters of Solar Cell Models. Renew. Energ. 134, 1129–1147. doi:10.
1016/j.renene.2018.09.017

Muhsen, D. H., Ghazali, A. B., Khatib, T., and Abed, I. A. (2015). Parameters
Extraction of Double Diode Photovoltaic Module’s Model Based on Hybrid
Evolutionary Algorithm. Energ. Convers. Manag. 105, 552–561. doi:10.1016/j.
enconman.2015.08.023

Muhsenab, D. H., Ghazali, A. B., Khatib, T., and Abed, I. A. (2015). Extraction of
Photovoltaic Module Model’s Parameters Using an Improved Hybrid
Differential Evolution/electromagnetism-like Algorithm. Solar Energy 119,
286–297. doi:10.1016/j.solener.2015.07.008

Muniappan, M. (2021). A Comprehensive Review of DC Fault protection Methods
in HVDC Transmission Systems. Prot. Control. Mod. Power Syst. 1. doi:10.
1186/s41601-020-00173-9

Frontiers in Energy Research | www.frontiersin.org April 2022 | Volume 10 | Article 9027494

Li et al. PV Cell Parameter Identification

https://doi.org/10.1016/j.enconman.2015.05.074
https://doi.org/10.1016/j.apenergy.2012.09.052
https://doi.org/10.1016/j.solener.2013.01.010
https://doi.org/10.1016/j.solener.2012.08.018
https://doi.org/10.1016/j.seta.2015.11.003
https://doi.org/10.1016/j.seta.2015.11.003
https://doi.org/10.1016/j.resconrec.2012.12.010
https://doi.org/10.1016/j.resconrec.2012.12.010
https://doi.org/10.1016/j.renene.2014.07.014
https://doi.org/10.1186/s41601-021-00181-3
https://doi.org/10.1016/j.renene.2017.04.014
https://doi.org/10.1016/j.renene.2017.04.014
https://doi.org/10.1109/tste.2016.2620941
https://doi.org/10.1016/j.seta.2022.102005
https://doi.org/10.1016/j.seta.2022.102005
https://doi.org/10.1109/jphotov.2014.2307161
https://doi.org/10.1016/j.enconman.2013.03.033
https://doi.org/10.1016/j.enconman.2013.03.033
https://doi.org/10.1186/s41601-021-00185-z
https://doi.org/10.1186/s41601-021-00185-z
https://doi.org/10.1016/j.swevo.2017.02.005
https://doi.org/10.1016/j.swevo.2017.02.005
https://doi.org/10.1016/j.egypro.2017.05.165
https://doi.org/10.1109/tste.2019.2897596
https://doi.org/10.1109/tste.2019.2897596
https://doi.org/10.1186/s41601-021-00184-0
https://doi.org/10.1186/s41601-021-00184-0
https://doi.org/10.1016/j.solener.2013.12.003
https://doi.org/10.1109/jphotov.2016.2633815
https://doi.org/10.1016/j.renene.2018.09.017
https://doi.org/10.1016/j.renene.2018.09.017
https://doi.org/10.1016/j.enconman.2015.08.023
https://doi.org/10.1016/j.enconman.2015.08.023
https://doi.org/10.1016/j.solener.2015.07.008
https://doi.org/10.1186/s41601-020-00173-9
https://doi.org/10.1186/s41601-020-00173-9
https://www.frontiersin.org/journals/energy-research
www.frontiersin.org
https://www.frontiersin.org/journals/energy-research#articles


Niu, Q., Zhang, H. Y., and Li, K. (2014). An Improved TLBO with Elite
Strategy for Parameters Identification of PEM Fuel Cell and Solar Cell
Models. Int. J. Hydrogen Energ. 39 (8), 3837–3854. doi:10.1016/j.ijhydene.
2013.12.110

Niu, Q., Zhang, L., and Li, K. (2014). A Biogeography-Based Optimization
Algorithm with Mutation Strategies for Model Parameter Estimation of
Solar and Fuel Cells. Energ. Convers. Manag. 86, 1173–1185. doi:10.1016/j.
enconman.2014.06.026

Padhy, S., and Panda, S. (2021). Application of a Simplified Grey Wolf
Optimization Technique for Adaptive Fuzzy PID Controller Design for
Frequency Regulation of a Distributed Power Generation System. Prot.
Control. Mod. Power Syst. 2. doi:10.1186/s41601-021-00180-4

Patel, S. K. J., Panchal, A. K., and Kheraj, V. (2014). Extraction of Solar Cell
Parameters from a Single Current-Voltage Characteristic Using Teaching
Learning Based Optimization Algorithm. Appl. Energ. 119, 384–393. doi:10.
1016/j.apenergy.2014.01.027

Pourmousa, N., Ebrahimi, S. M., Malekzadeh, M., and Alizadeh, M. (2019).
Parameter Estimation of Photovoltaic Cells Using Improved Lozi Map
Based Chaotic Optimization Algorithm. Solar Energy 180, 180–191. doi:10.
1016/j.solener.2019.01.026

Qais, M. H., Hasanien, H. M., and Alghuwainem, S. (2019). Identification of
Electrical Parameters for Three-Diode Photovoltaic Model Using Analytical
and sunflower Optimization Algorithm. Appl. Energ. 250, 109–117. doi:10.
1016/j.apenergy.2019.05.013

Rajasekar, N., Krishna Kumar, N., and Venugopalan, R. (2013). Bacterial Foraging
Algorithm Based Solar PV Parameter Estimation. Solar Energy 97, 255–265.
doi:10.1016/j.solener.2013.08.019

Silva, E. A., Bradaschia, F., Cavalcanti, M. C., and Nascimento, A. J. (2016).
Parameter Estimation Method to Improve the Accuracy of Photovoltaic
Electrical Model. IEEE J. Photovoltaics 6 (1), 278–285. doi:10.1109/jphotov.
2015.2483369

Sudhakar Babu, T., Prasanth Ram, J., Sangeetha, K., Laudani, A., and Rajasekar,
N. (2016). Parameter Extraction of Two Diode Solar PV Model Using
Fireworks Algorithm. Solar Energy 140, 265–276. doi:10.1016/j.solener.
2016.10.044

Sun, L. M., and Yang, B. (2020). Nonlinear Robust Fractional-Order Control of
Battery/SMES Hybrid Energy Storage Systems. Power Syst. Prot. Control. 48
(22), 76–83.

Thanh, N. T., and Pora, W. (2016). A Parameter Extraction Technique Exploiting
Intrinsic Properties of Solar Cells. Appl. Energ. 176, 104–115. doi:10.1016/j.
apenergy.2016.05.064

Wang, Q., Yao, W., Fang, J., Ai, X., Wen, J., Yang, X., et al. (2020). Dynamic
Modeling and Small Signal Stability Analysis of Distributed Photovoltaic Grid-
Connected System with Large Scale of Panel Level DC Optimizers. Appl. Energ.
259, 114132. doi:10.1016/j.apenergy.2019.114132

Wu, Z. Q., Yu, D. Q., and Kang, X. H. (2017). Parameter Identification of
Photovoltaic Cell Model Based on Improved Ant Lion Optimizer. Energ.
Convers. Manag. 151, 107–115. doi:10.1016/j.enconman.2017.08.088

Xi, L., Yu, T., Yang, B., Zhang, X., and Qiu, X. (2016). A Wolf Pack Hunting
Strategy Based Virtual Tribes Control for Automatic Generation Control of
Smart Grid. Appl. Energ. 178, 198–211. doi:10.1016/j.apenergy.2016.06.041

Xiong, Y., Yao, W., Wen, J., Lin, S., Ai, X., Fang, J., et al. (2021). Two-level
Combined Control Scheme of VSC-MTDC Integrated Offshore Wind Farms
for Onshore System Frequency Support. IEEE Trans. Power Syst. 36 (1),
781–792. doi:10.1109/tpwrs.2020.2998579

Yang, B., Wang, J., Zhang, M., Shu, H., Yu, T., Zhang, X., et al. (2020). A State-Of-
The-Art Survey of Solid Oxide Fuel Cell Parameter Identification: Modelling,
Methodology, and Perspectives. Energ. Convers. Manag. 213, 112856. doi:10.
1016/j.enconman.2020.112856

Yang, B., Wang, J., Zhang, X., Yu, T., Yao,W., Shu, H., et al. (2020). Comprehensive
Overview of Meta-Heuristic Algorithm Applications on PV Cell Parameter
Identification. Energ. Convers. Manag. 208 (15), 112595. doi:10.1016/j.
enconman.2020.112595

Yang, B., Zhang, M., Zhang, X., Wang, J., Shu, H., Li, S., et al. (2020). Fast Atom
Search Optimization Based MPPT Design of Centralized Thermoelectric
Generation System under Heterogeneous Temperature Difference. J. Clean.
Prod. 248, 119301. doi:10.1016/j.jclepro.2019.119301

Yang, B., Zhu, T., Zhang, X., Wang, J., Shu, H., Li, S., et al. (2020). Design and
Implementation of Battery/SMES Hybrid Energy Storage Systems Used in
Electric Vehicles: A Nonlinear Robust Fractional-Order Control Approach.
Energy 191, 116510. doi:10.1016/j.energy.2019.116510

Zagrouba, M., Sellami, A., Bouaïcha, M., and Ksouri, M. (2010). Identification of
PV Solar Cells and Modules Parameters Using the Genetic Algorithms:
Application to Maximum Power Extraction. Solar Energy 84 (5), 860–866.
doi:10.1016/j.solener.2010.02.012

Conflict of Interest: QL, JD and CG were employed by China Southern Power
Grid EHV Transmission Company.

The remaining authors declare that the research was conducted in the absence of
any commercial or financial relationships that could be construed as a potential
conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations, or those of
the publisher, the editors and the reviewers. Any product that may be evaluated in
this article, or claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Copyright © 2022 Li, Yang, Li, Li, Deng and Guo. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (CC BY).
The use, distribution or reproduction in other forums is permitted, provided the
original author(s) and the copyright owner(s) are credited and that the original
publication in this journal is cited, in accordance with accepted academic practice.
No use, distribution or reproduction is permitted which does not comply with
these terms.

Frontiers in Energy Research | www.frontiersin.org April 2022 | Volume 10 | Article 9027495

Li et al. PV Cell Parameter Identification

https://doi.org/10.1016/j.ijhydene.2013.12.110
https://doi.org/10.1016/j.ijhydene.2013.12.110
https://doi.org/10.1016/j.enconman.2014.06.026
https://doi.org/10.1016/j.enconman.2014.06.026
https://doi.org/10.1186/s41601-021-00180-4
https://doi.org/10.1016/j.apenergy.2014.01.027
https://doi.org/10.1016/j.apenergy.2014.01.027
https://doi.org/10.1016/j.solener.2019.01.026
https://doi.org/10.1016/j.solener.2019.01.026
https://doi.org/10.1016/j.apenergy.2019.05.013
https://doi.org/10.1016/j.apenergy.2019.05.013
https://doi.org/10.1016/j.solener.2013.08.019
https://doi.org/10.1109/jphotov.2015.2483369
https://doi.org/10.1109/jphotov.2015.2483369
https://doi.org/10.1016/j.solener.2016.10.044
https://doi.org/10.1016/j.solener.2016.10.044
https://doi.org/10.1016/j.apenergy.2016.05.064
https://doi.org/10.1016/j.apenergy.2016.05.064
https://doi.org/10.1016/j.apenergy.2019.114132
https://doi.org/10.1016/j.enconman.2017.08.088
https://doi.org/10.1016/j.apenergy.2016.06.041
https://doi.org/10.1109/tpwrs.2020.2998579
https://doi.org/10.1016/j.enconman.2020.112856
https://doi.org/10.1016/j.enconman.2020.112856
https://doi.org/10.1016/j.enconman.2020.112595
https://doi.org/10.1016/j.enconman.2020.112595
https://doi.org/10.1016/j.jclepro.2019.119301
https://doi.org/10.1016/j.energy.2019.116510
https://doi.org/10.1016/j.solener.2010.02.012
https://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/energy-research
www.frontiersin.org
https://www.frontiersin.org/journals/energy-research#articles

	Recent Photovoltaic Cell Parameter Identification Approaches: A Critical Note
	1 Introduction
	2 Basic Introduction of Photovoltaic Model Types
	3 Parameter Identification Based on Meta-heuristic Algorithms
	4 Discussion and Conclusion
	Author Contributions
	Funding
	References


