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 This paper presents a hybrid electric vehicle charging station powered by 

both a PV source and the utility grid, incorporating an energy management 

strategy that prioritizes the utilization of solar energy while exporting 

surplus power to the grid during periods of low charging demand. To 

enhance the performance of maximum power point tracking, a hybrid 

control strategy integrating the grey wolf optimizer (GWO) and the super-

twisting algorithm (STA) is proposed. The GWO performs rapid global 

exploration to accurately identify the maximum power point, whereas the 

STA ensures precise, robust, and chattering-free tracking under steady-state 

operating conditions. The proposed system was modeled in 

MATLAB/Simulink and validated under a dynamic irradiance profile 

characterized by both abrupt and gradual variations. Simulation results 

demonstrate a convergence time of 2-3 ms, residual power oscillations 

below 0.1%, and an average tracking efficiency of 99.38%. Compared with 

conventional MPPT techniques, the proposed STA-GWO approach 

significantly suppresses steady-state oscillations, accelerates convergence, 

and prevents MPP tracking failure under rapid irradiance fluctuations 

through the global optimization capability of GWO. These findings highlight 

the effectiveness of the proposed hybrid MPPT strategy in improving the 

robustness, energy conversion efficiency, and grid integration capability of 

PV-powered EV charging stations, making it a promising solution for next-

generation sustainable charging infrastructure. 
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1. INTRODUCTION 

The growth of electric vehicles (EVs), coupled with the expanding deployment of renewable energy 

sources, has become a key driver in reducing greenhouse gas emissions and dependence on fossil fuels [1], [2]. 

Photovoltaic (PV) energy plays a prominent role owing to abundant solar energy resources, the continuous 

decline in module costs, and its ease of integration into electrical infrastructure [3]. This trend is reflected in 

the remarkable growth of installed PV capacity, which rose from around 40 GW in 2010 to more than  

2.26 TW by the end of 2024, before exceeding 2.9 TW in 2025 [4]. In this context, integrating PV systems 

https://creativecommons.org/licenses/by-sa/4.0/
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into EV charging stations is a relevant solution for decarbonizing the transport sector while limiting reliance 

on the electrical grid. However, fully exploiting these infrastructures depends heavily on the ability of the PV 

generator to deliver maximum power despite climatic variations. Indeed, PV cells exhibit inherently 

nonlinear characteristics that are strongly dependent on solar irradiance and temperature: variations in 

irradiance mainly affect the generated current, while temperature fluctuations affect the output voltage, 

causing a continuous shift of the maximum power point (MPP) [5]. Consequently, maintaining optimal 

efficiency requires a permanent adjustment of the operating point in order to continuously extract the 

maximum available power [6]. In EV charging applications, where energy availability and conversion 

efficiency are critical, this function is generally performed by a DC/DC converter controlled by a maximum 

power point tracking (MPPT) algorithm. By dynamically adjusting the converter's duty cycle, the MPPT 

algorithm keeps the PV system near the MPP and thus improves overall efficiency [7]. Over the past few 

decades, a large number of MPPT techniques have been proposed. They can be grouped into three main 

families: conventional techniques, artificial-intelligence-based approaches, and bio-inspired optimization 

algorithms, each offering advantages but also limitations that restrict their performance under rapidly varying 

irradiance conditions [8]. Conventional techniques, notably perturb and observe (P&O) and incremental 

conductance (INC), remain widely used owing to their simplicity of implementation [6], [9]. However, their 

performance degrades under dynamic climatic conditions due to relatively slow convergence, persistent 

oscillations around the MPP, and high sensitivity to the choice of perturbation step, which can lead to 

significant energy losses. 

Faced with these limitations, research has progressively turned toward intelligent approaches 

capable of improving MPP tracking in dynamic environments. Among these, fuzzy logic controllers (FLC) 

have attracted particular interest owing to their ability to handle the nonlinearities of the PV generator 

without a precise mathematical model [10]. By exploiting linguistic rules, these methods offer appreciable 

robustness against irradiance variations and system uncertainties. Their performance nevertheless remains 

highly dependent on the design of the membership functions and rule base, whose generally empirical tuning 

limits their generalization capability and motivates the use of optimization techniques to automate controller 

parameterization. Artificial neural networks (ANN) constitute another widely studied family [11]. Due to 

their ability to learn nonlinear behaviors, they quickly estimate the MPP from measured electrical quantities, 

with good adaptation to weather variations. Nevertheless, their performance depends directly on the quality 

and representativeness of the training data. Under operating conditions not encountered during training, their 

accuracy can decrease significantly. Moreover, their computational cost, training constraints, and limited 

interpretability still restrict their integration into certain embedded applications requiring real-time control. 

To overcome these limitations, many studies have turned to bio-inspired optimization algorithms, 

such as genetic algorithms (GA) [11], particle swarm optimization (PSO) [12], grey wolf optimizer (GWO) 

[13], [14]. These methods stand out for their ability to efficiently search for the global power maximum, 

particularly under partial shading conditions where several MPPs appear, thereby reducing the risk of 

convergence toward a local optimum. This performance improvement, however, comes with increased 

algorithmic complexity, computation time, and number of parameters to be tuned, which can hinder their use 

in embedded systems subject to real-time constraints. More recently, robust control strategies, notably sliding 

mode control (SMC), have emerged as a promising alternative owing to their fast convergence and 

robustness against parametric uncertainties and external disturbances. However, their main drawback lies in 

the chattering phenomenon, which can cause control oscillations, increased switching losses, and degraded 

energy performance. To mitigate this limitation, higher-order sliding mode variants, in particular the super-

twisting algorithm (STA), have been proposed to reduce oscillations while preserving controller robustness. 

Despite encouraging results, tuning the parameters of these approaches remains complex and highly 

dependent on operating conditions [15]. 

A critical analysis of these different families shows that no single MPPT strategy alone meets all the 

requirements of modern PV systems. This complementarity explains the growing interest in hybrid 

approaches, which aim to combine the advantages of several techniques to achieve an optimal trade-off 

between convergence speed, tracking accuracy, robustness, and feasibility of implementation on embedded 

platforms. In this perspective, combinations of artificial intelligence algorithms, bio-inspired methods, and 

robust control techniques, such as PSO–P&O, ANFIS–PSO, Fuzzy–GWO, or ANN–SMC, have demonstrated a 

notable improvement in convergence speed and tracking accuracy. Nevertheless, most of these strategies still 

face high algorithmic complexity, a large number of parameters to tune, sensitivity to initial conditions, and a 

computational load sometimes incompatible with real-time implementation on embedded systems [16]-[19]. 

Among these hybrid solutions, the combination of GWO and STA is of particular interest. The role of GWO 

is to determine the reference corresponding to the global MPP, while the STA ensures robust tracking of this 

reference by driving the power converter [20], [21]. This architecture makes it possible to separate the 

optimization and control functions, exploiting the global exploration capability of GWO and the dynamic 
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performance of the STA. Such functional complementarity addresses the limitations identified in existing 

approaches and constitutes a promising solution for simultaneously improving MPPT accuracy, convergence 

speed, and operating stability under strongly variable environmental conditions. 

Among the solutions likely to mitigate global warming is the integration of PV systems into EV 

charging infrastructure [2], [22]. In this paper, we present a study of an EV charging installation located in 

Béjaïa, Algeria, whose architecture is shown in Figure 1. The main contribution of this work lies in 

optimizing the power of the PV part. Under dynamic irradiance conditions, we propose to explore an MPPT 

algorithm built around two components: energy management and power optimization. The studied system 

includes two electrical energy sources, the grid and the PV generator. The interface between these two 

sources is managed by two relays (Kpv and KGrid), and four scenarios are examined. Depending on the 

availability of the solar resource, the PV source is given priority, either to charge the EV battery or to inject 

energy into the grid; otherwise, the grid takes over to ensure charging. The proposed MPPT approach 

combines the STA with the GWO optimizer: the latter quickly locates the optimal operating point, while the 

STA acts as a precision regulator that maintains this point with accuracy and stability. The simulation results 

obtained under MATLAB/Simulink provide valuable insight into the effectiveness of the proposed MPPT 

control and highlight the strengths of this hybrid approach under various operating conditions. 

 

 

 
 

Figure 1. Schematic diagram of the proposed system 

 

 

2. SYSTEM DESCRIPTION AND MODELLING 

The proposed charging station is based on a hybrid architecture integrating a PV source and the 

single-phase electrical grid (220 V, 50 Hz). The overall system architecture is shown in Figure 2. This 

configuration aims to maximize the exploitation of solar energy while ensuring continuous power supply to 

the station by relying on the electrical grid when photovoltaic production becomes insufficient. The PV 

constitutes the main power source. To ensure optimal exploitation of this source, the PV chain is equipped 

with a boost-type DC/DC converter, controlled by an MPPT technique aimed at extracting, at every instant, 

the maximum power available from the photovoltaic generator. 

The regulated direct current (DC) electrical energy at the output of the boost converter is then 

converted into alternating current (AC) energy by a DC/AC inverter controlled using the sinusoidal pulse 

width modulation (SPWM) technique [23]. This control method makes it possible to synthesize an AC 

voltage whose waveform is very close to a sine wave, thereby reducing the total harmonic distortion (THD) 

and improving the quality of the energy injected into the load or the grid. The inverter output is connected to 

an isolation transformer, which provides galvanic isolation between the photovoltaic chain and the electrical 

grid, voltage-level adaptation, and user safety. 

The energy flow between the different sources is managed by means of two static switches, denoted 
(𝐾𝑃𝑉) and (𝐾𝐺𝑅𝐼𝐷). The switch (𝐾𝑃𝑉) controls the connection of the photovoltaic chain to the charging 

station. When closed, the energy produced by the PV panels is preferentially directed toward charging the 

electric vehicle when a vehicle is connected to the station. Conversely, if no vehicle is present and PV 

production is in excess, this energy can be injected into the electrical grid, provided that the switch is  

closed (𝐾𝐺𝑅𝐼𝐷). 
When photovoltaic production becomes insufficient, particularly during periods of low sunlight, 

heavily overcast days, or at night, power supply priority is automatically transferred to the electrical grid. In 

this operating mode, 𝐾𝑃𝑉  is open while 𝐾𝐺𝑅𝐼𝐷  is closed, allowing the grid to supply the energy needed to 
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ensure continuity of the EV charging service. This strategy guarantees permanent availability of the station, 

regardless of fluctuations in solar production. 

Thus, the proposed architecture ensures efficient power flow management by systematically 

prioritizing the use of PV energy, while using the electrical grid as a backup source when necessary. This 

approach improves self-consumption of the energy produced, reduces dependence on the grid, lowers the 

operating costs of the charging station, and contributes to reducing greenhouse gas emissions. The different 

operating priorities of switches 𝐾𝑃𝑉 and 𝐾𝐺𝑅𝐼𝐷, corresponding to the various management modes, are 

summarized in Table 1. 

 

 

 
 

Figure 2. Architecture of the studied system 

 

 

Table 1. Relay switching logic 
Kpv KGrid Results 

0 0 0 
1 0 PV to EV 

0 1 Grid to EV 

1 1 PV to Grid 

 

 

2.1.  PV modeling 

The single-diode equivalent model, shown in Figure 3, is one of the most commonly used 

approaches for modeling photovoltaic cells. This wide adoption is explained by its relatively simple structure, 

while still offering sufficient accuracy to faithfully represent the electrical behavior of PV cells. By applying 

Kirchhoff's current law to the equivalent circuit presented, the expression of the various currents flowing in 

the photovoltaic cell is written as shown in (1) [24]. 

 

𝐼𝑃𝑉 = 𝐼𝑝ℎ − 𝐼𝑑 − 𝐼𝑅𝑠ℎ (1) 

 

Where 𝐼𝑝ℎ represents the photocurrent generated by the photovoltaic cell, 𝐼𝑑 denotes the current flowing 

through the diode, and 𝐼𝑅𝑠ℎ corresponds to the current flowing through the shunt resistance (shunt). By 

substituting the currents 𝐼𝑑 and 𝐼𝑅𝑠ℎ with their respective expressions in (1), the expression of the output 

current of the photovoltaic cell is obtained, given by (2). 

 

𝐼𝑃𝑉 = 𝐼𝑝ℎ − 𝐼0 ⋅ [𝑒𝑥𝑝 (
𝑞⋅(𝑉𝑃𝑉+𝑅𝑠⋅𝐼𝑃𝑉)

𝐴⋅𝑁𝑠⋅𝐾⋅𝑇𝑗
) − 1] −

𝑉𝑃𝑉+𝑅𝑠⋅𝐼𝑃𝑉

𝑅𝑠ℎ
 (2) 

  

 

The characteristic parameters of the photovoltaic panel are summarized in Table 2. 

The (1) and (2) constitute the mathematical model of the photovoltaic panel, making it possible to 

reproduce its electrical behavior in the Simulink simulation environment. To evaluate the model's 

performance, several simulations were carried out under different solar irradiance levels. Figure 4 shows the 

characteristics obtained for irradiance values ranging from 200 to 1000 W/m², in steps of 200 W/m². The 

MPP are marked with red asterisks (*). Table 2presents the photovoltaic panel parameters. 
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Figure 3. Equivalent circuit of solar cell 

 

 

Table 2. Photovoltaic panel parameters 
Symbol Parameters Values 

Ppv Photovoltaic power 80 Wp 
Imppt Maximum current at MPP 4.65 A 

Vmppt Maximum voltage at MPP 17.5 V 

Isc Short circuit current 4.95 A 
Voc Open circuit voltage 21.9 V 

αsc Temperature coefficient at short-current 3 mA/°C 

ᵝoc Voltage temperature coefficient of short-current 150 mV/°C 

 

 

  
 

Figure 4. Photovoltaic STP80 IV and PV curves 
 

 

2.2.  DC-DC converter 

DC–DC converters make it possible to regulate DC quantities by acting on the duty cycle of the 

semiconductor switch. In photovoltaic systems, they act as an adaptation interface between the PV generator 

and the load, adjusting voltage and current to ensure operation at the MPP while avoiding short-circuit 

conditions. Figure 5 shows the structure of a Boost converter, commonly used in photovoltaic installations. 

When the power switch (IGBT or MOSFET) is conducting, the energy supplied by the photovoltaic generator 

is stored in the inductor, while the diode is blocked. When the switch opens, the energy accumulated in the 

inductor adds to that delivered by the source to supply the load. The relationships linking the input and output 

voltages and currents of the converter are given by (3) [23]. 
 

𝑉𝑜𝑢𝑡 =
𝑉𝑖𝑛

(1−D)

𝐼𝑖𝑛 =
𝐼𝑜𝑢𝑡

(1−𝐷)

 (3) 

 

The dynamic equations of this converter are (4)-(6). 
 

(

𝑑𝐼𝐿

𝑑𝑡
= 

𝑉𝑝𝑣−𝑉0

𝐿
+ 

𝑉0

𝐿
𝑢 

𝑑𝑉0

𝑑𝑡
= (−

𝑉0

𝑅𝐶
+

𝐼𝐿

𝐶
) 
𝑉0

𝐶
𝑢 
) (4) 

 

𝑋̇ = 𝑓(𝑋) + 𝑏(𝑋)𝑢 (5) 

 

𝑓(𝑋) = [

𝑉𝑝𝑣−𝑉0

𝐿
−𝑉0

𝑅𝐶
+

𝐼𝐿

𝐶

]    𝑎𝑛𝑑    𝑏(𝑋) = [

𝑉0

𝐿
− 𝑉0

𝐶

] (6) 
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Figure 5. DC-DC boost converter power circuit 

 

 

2.3.   Maximum power point tracker algorithm 

2.3.1. STA for MPPT 

The STA is a robust control technique belonging to the family of higher-order sliding mode 

controllers. It was developed to retain the main advantages of classical sliding mode control, namely its 

robustness and tracking accuracy, while reducing the phenomenon known as chattering. In PV systems, the 

STA is used to adjust the duty cycle of the DC–DC converter in order to keep the generator near the MPP, 

even under rapid variations in irradiance and temperature. Its implementation relies on two essential steps: 

defining a sliding surface that guarantees rapid convergence toward the MPP, and then designing the STA 

control law that keeps the system states on this surface. Owing to its fast convergence and robustness against 

disturbances, the STA is a solution particularly well suited to advanced MPPT strategies [15], [25].  

In this study, the sliding surface chosen for the STA control is defined from the MPPT optimality criterion. 

At the maximum power point, the derivative of the photovoltaic power with respect to voltage is zero. This 

criterion is then used to define a sliding surface guaranteeing the system's convergence toward the MPP. The 

sliding conditions are given by (7). 

 

𝑠˙(𝑥, 𝑡) = 0    𝑠(𝑥, 𝑡) =
𝜕 𝑃𝑝𝑣

𝜕 𝑉𝑝𝑣
= 𝑉𝑝𝑣 (

𝜕 𝐼𝑝𝑣

𝜕 𝑉𝑝𝑣
+

𝐼𝑝𝑣

𝑉𝑝𝑣
) = 0 (7) 

 

Once the sliding surface has been defined, the next step consists of designing the control law that 

drives the system toward this surface and keeps it there despite model uncertainties and external disturbances. 

In this study, the duty cycle 𝑢 of the boost converter is the control variable. To this end, super-twisting 

control is adopted. It relies on two complementary components: an equivalent control, which keeps the 

system on the sliding surface, and a discontinuous control, which guarantees fast convergence toward this 

surface as well as effective disturbance rejection. This combination improves the system's robustness and 

ensures accurate tracking of the maximum power point. The STA control law is then written as (8). 

 

{
 
 

 
 

𝑢 = 𝑢𝑒𝑐 + 𝑢𝑠𝑐
  𝑢𝑠𝑐 = 𝑢1 + 𝑢2

 𝑢𝑒𝑐 = −
[
𝑑𝑠

𝑑𝑥
]
𝑇
𝑓(𝑥)

[
𝑑𝑠

𝑑𝑥
]
𝑇
𝑏(𝑥)

= 1 −
𝑉𝑃𝑉

𝑉0

 (8) 

 

Where  𝑢𝑒𝑐  represents the equivalent control ensuring the trajectory is maintained on the sliding surface, 

while  𝑢𝑠𝑐 corresponds to the super-twisting term ensuring finite-time convergence of the trajectory toward 

this surface while reducing the chattering phenomenon. 

The equations for  𝑢1 and  𝑢2 are given by (9) and (10). 

 

  {
 𝑢1 = −λ|𝑠|

1

2𝑠𝑖𝑔𝑛(𝑠)
𝑑𝑢2

𝑑𝑡
= −γ𝑠𝑖𝑔𝑛(𝑠)

 (9) 

 

𝛾 and 𝜆 are gains such that ∶  𝛾 >  
𝛷

𝛤𝑚
 𝑎𝑛𝑑 𝜆 > √

2

𝛤𝑚
2 .

(𝛤𝑚𝛾+ 𝛷)
2

𝛤𝑚𝛾− 𝛷
 (10) 

 

The finite-time convergence of the sliding surface to zero is established through a Lyapunov stability 

analysis. To this end, a positive definite candidate function is introduced in the form: 
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𝑉(𝑡) =
1

2
𝑠2(𝑡) (11) 

 

In sliding mode control, the dynamics of the sliding surface are determined by its dependence on the state 

variables, expressed by (12). 

 

𝑆˙ = [
𝜕𝑆

𝜕𝑋
]
𝑇

𝑋˙ = [
𝜕𝑆

𝜕𝐼𝑝𝑣
] (−

𝑉𝑜

𝐿
(1 − 𝑢) +

𝑉𝑝𝑣

𝐿
 ) (12) 

 

The first term will be developed as (13). 

 

[
𝜕𝑆

𝜕𝐼𝑝𝑣
] =

1

𝑉𝑝𝑣
+

𝑞

𝑁𝑠𝑛𝑉𝑇

𝜕𝐼𝑝𝑣

𝜕𝑉𝑝𝑣
 
𝜕𝑉𝑝𝑣

𝜕𝐼𝑝𝑣
−

𝜕𝑉𝑝𝑣

𝜕𝐼𝑝𝑣
 
𝐼𝑝𝑣

𝑉𝑝𝑣
2 (13) 

 

Such that: 

 
𝜕𝐼𝑝𝑣

𝜕𝑉𝑝𝑣
= − (exp (

𝑞

𝑁ₛ𝜂𝑉ₜ
)) ·  

𝑞

𝑁ₛ𝜂𝑉ₜ
·  𝐼𝑑 <  0 (14) 

 

VPV is defined as in (15). 

 

𝑉𝑝𝑣 =
𝑁𝑠𝜂 𝑉𝑇

𝑞
 ln (

𝐼𝑝ℎ+ 𝐼𝑑− 𝐼𝑝𝑣

𝐼𝑑
) (15) 

 

The derivative of (15) can be written as (16). 

 

∂𝑉𝑝𝑣

𝜕𝐼𝑝𝑣
= − ( 𝑙𝑛 (

𝐼𝑑

𝐼𝑝ℎ+ 𝐼𝑑− 𝐼𝑝𝑣
)) 

 𝑁𝑠𝜂 𝑉𝑇

𝑞
<  0 (16) 

 

The second term is as (17) and (18). 

 

𝑋̇ =  − (
𝑉0

𝐿
 ) ( 1 −  𝑢 ) +  (

𝑉𝑝𝑣

𝐿
 ) =  − (

𝑉𝑜

𝐿
 ) ( 1 − 𝑢𝑒𝑐 − 𝑢𝑆𝑇𝐴) + (

𝑉𝑃𝑉

𝐿
 ) (17) 

 

=
𝑉𝑜

𝐿
 ( − 𝜆 |𝑆 |

1

2 𝑠𝑖𝑔𝑛( 𝑆 ) − ∫ 𝛾 𝑠𝑖𝑔𝑛( 𝑆 ) (18) 

 

According to (18), we have (19). 

 

𝑆𝑆̇  =  𝑆 [
𝜕𝑆 

 𝜕𝐼𝑝𝑣
]  
𝑉𝑜

𝐿
 ( − 𝜆 |𝑆|

1

2 𝑠𝑖𝑔𝑛(𝑆) − ∫ 𝛾 𝑠𝑖𝑔𝑛(𝑆)) (19) 

 

Consequently, it can be concluded that Lyapunov stability is ensured, since 𝑆 and its derivative 𝑆̇ 

systematically have opposite signs. The STA gains and were selected based on the tuning procedure reported 

in [20]. Accordingly, 𝜆 = 0.051631 and 𝛾 = 0.006629 were adopted in the present study and kept fixed 

throughout the simulations. 

 

2.3.2. GWO-based optimal duty-cycle search 

The GWO is a bio-inspired metaheuristic technique based on the social behavior and hierarchical 

hunting strategy of grey wolves in a pack [13]. This approach distributes solution agents across four 

hierarchical levels: α, β, δ, and ω, corresponding respectively to the best solution, the second-best, the third-

best, and the remaining set of solutions. The α agent guides the optimization process by directing the search 

toward the most promising solution, while the β and δ agents refine this trajectory. The ω agents explore less 

favorable regions of the search space, thereby helping to maintain population diversity and limit the risk of 

premature convergence toward a local optimum. 

Inspired by this hunting behavior, the GWO optimization process relies on three successive phases: 

target location, encircling, and the final attack. In the context of MPPT, each GWO agent represents a 

candidate value of the boost converter's duty cycle. The agents cooperate to search for the duty cycle value 

that extracts the maximum power from the photovoltaic generator. As the iterations progress, the agents' 

positions are adjusted, gradually leading to convergence toward the optimal duty cycle corresponding to the 

maximum power point. 
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The encircling behavior characteristic of pack hunting is then translated mathematically into a 

system of equations, making it possible to model the adaptive positioning of the solution agents around the 

sought optimum, as detailed in (20)-(23). 
 

𝐷⃗⃗ =  | 𝐶 ⋅ 𝑋𝑝⃗⃗ ⃗⃗  −  𝑋  (𝑡)| (20) 

 

𝑋 (𝑡 +  1) =  𝑋𝑝⃗⃗ ⃗⃗  (𝑡) − 𝐷⃗⃗ ⋅ 𝐴  (21) 

 

D: the distance between wolf ω and the prey; t: current iteration; 𝑋𝑃⃗⃗ ⃗⃗   : position of the prey; and 𝑋  : position of 

the wolf. The vectors 𝐴  and 𝐶  are defined as (22) and (23). 
 

𝐴 =  2 𝑎 ⋅ 𝑟1⃗⃗⃗  −  𝑎   (22) 
 

𝐶 =  2 𝑟2⃗⃗  ⃗ (23) 
 

A coefficient decreasing linearly from 2 to 0 over the iterations ensuring the progressive transition between 

exploration and exploitation. 𝑟 1 𝑎𝑛𝑑 𝑟 2: 𝑟𝑎𝑛𝑑𝑜𝑚 𝑣𝑒𝑐𝑡𝑜𝑟𝑠 ∈ [0,1], introducing a random component that 

diversifies exploration and thus avoids trapping in a local optimum. 

Since the exact position of the MPPT is not known a priori, the GWO relies on the three best 

candidate solutions α, β, and δ to provide an estimate. In the context of MPPT, these three leaders correspond 

to the duty cycle values associated with the highest photovoltaic power values. The remaining agents then 

update their position based on these three leaders, according to (24). 
 

𝐷𝛼⃗⃗⃗⃗  ⃗ =  | 𝐶1⃗⃗⃗⃗  𝑋𝑎⃗⃗ ⃗⃗  ⃗ −  𝑋 |, 𝐷𝛽⃗⃗ ⃗⃗  =  |  𝐶2⃗⃗⃗⃗  𝑋𝛽⃗⃗ ⃗⃗  ⃗ −  𝑋 |, 𝐷𝛿⃗⃗ ⃗⃗  =  |  𝐶3⃗⃗⃗⃗  𝑋𝛿⃗⃗ ⃗⃗  ⃗ −  𝑋 | (24) 

 

Each candidate duty cycle value is updated based on the three leaders α, β, and δ, which jointly guide the 

search toward the duty cycle corresponding to the MPPT, according to the following system of equations: 

 

{

𝑋1⃗⃗⃗⃗ = 𝑋α⃗⃗ ⃗⃗  − 𝐴1⃗⃗⃗⃗ (𝐷α⃗⃗ ⃗⃗  )

𝑋2⃗⃗⃗⃗ = 𝑋β⃗⃗ ⃗⃗ − 𝐴2⃗⃗ ⃗⃗ (𝐷β⃗⃗ ⃗⃗  )

𝑋3⃗⃗⃗⃗ = 𝑋δ⃗⃗⃗⃗ − 𝐴3⃗⃗ ⃗⃗ (𝐷δ⃗⃗ ⃗⃗  )

 (25) 

 

At each iteration, the position of each candidate solution is updated from the weighted average of the three 

positions estimated by the leaders α, β, and δ. 
 

𝑋 (𝑡 + 1) =
1

3
(𝑋1⃗⃗⃗⃗ + 𝑋2⃗⃗⃗⃗ + 𝑋3⃗⃗⃗⃗ ) (26) 

 

The GWO procedure for finding the maximum power point is summarized in Figure 6, which illustrates the 

main steps of computing and updating the duty cycle. 
 

 

 
 

Figure 6. Encircling mechanism of the GWO algorithm based on the positions of leaders α, β, and δ [13] 
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3. RESULTS AND DISCUSSION 

To evaluate the performance of the hybrid STA-GWO strategy in tracking the maximum power 

point, the photovoltaic system is subjected to a variable irradiance profile, shown in Figure 7. This profile 

was designed to reproduce atmospheric conditions representative of real operation, combining constant 

irradiance steps, abrupt transitions, and progressive ramps, so as to jointly stress the steady-state and dynamic 

regimes of the system. The constant irradiance steps (1000, 850, 800, 700, 600, 500, and 400 W/m²) are used 

to characterize the behavior of the STA controller in steady state. The analysis relies on two quantitative 

indicators, namely the stability of the extracted power around the maximum power point and the amplitude of 

the residual oscillations, which respectively reflect the tracking accuracy and the robustness of the control in 

steady-state operation. The abrupt irradiance variations observed at t = 1.2 s, 2.5 s, 4.6 s, 7 s, 12.9 s, 16 s, and 

18.5 s constitute perturbation tests designed to evaluate the dynamic robustness of the GWO algorithm.  

Each of these steps instantaneously shifts the position of the MPP, requiring the controller to rapidly relocate 

the global optimum. The performance analysis relies on four quantitative indicators: the convergence time, 

reflecting the speed of relocation; the transient power loss, corresponding to the energy not extracted during 

the search phase; the possible overshoot, indicative of oscillatory behavior around the new equilibrium point; 

and the localization accuracy, measured by the residual deviation between the stabilized power and the 

theoretical maximum power available at the new irradiance. In addition, two increasing irradiance ramps are 

introduced, between 2.5 s and 4.6 s (from 400 to 700 W/m²) and between 9 s and 12.9 s (from 600 to 1000 

W/m²), respectively. These progressive variations are intended to evaluate the performance of the hybrid 

STA-GWO strategy in a context where the maximum power point evolves continuously rather than through 

discrete jumps. They thus make it possible to verify the ability of the STA control to ensure continuous MPP 

tracking, while the GWO algorithm continuously adapts its search for the new optimal position, illustrating 

the functional synergy between the two components of the proposed approach. In this study, the GWO 

algorithm is configured with a population of 15 wolves (search agents) and a maximum of 40 iterations.  

This configuration represents a trade-off between convergence speed, accuracy in locating the maximum 

power point, and computational load, the latter having to remain compatible with the constraints of a real-

time implementation. This test scenario thus makes it possible to jointly characterize the static performance 

of the STA control, related to MPP maintenance in steady state, and the dynamic performance of the GWO 

algorithm, related to the search for and rapid localization of the new MPP following a perturbation or during 

a continuous irradiance variation. This functional synergy highlights the value of the hybrid STA-GWO 

approach, which contributes to improving the robustness, convergence speed, and overall efficiency of the 

photovoltaic system under variable irradiance conditions. 

 

 

 
 

Figure 7. Dynamic irradiance profile 

 

 

The dynamic response of the PV system is illustrated in Figures 8-10, representing the current, 

voltage, and output power, respectively, under the dynamic irradiance profile. The obtained waveforms 

reveal rapid stabilization around the maximum power point, accompanied by stable and robust tracking 

throughout the imposed irradiance variations. These results highlight the performance of the hybrid STA-

GWO MPPT strategy, characterized by fast convergence, negligible oscillations in steady state, and high 

energy conversion efficiency over the entire irradiance range studied. 

This tracking accuracy is of direct relevance to the operation of the studied electric vehicle charging 

station: by minimizing transient losses and maximizing the effectively extracted photovoltaic power, the 

STA-GWO strategy increases the share of solar energy directly available for charging the vehicle (“PV to 

EV” mode), thereby reducing reliance on grid energy (“Grid to EV” mode) according to the switching logic 
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presented in Table 1. This efficiency gain, although limited to a few watts per transition, translates on a daily 

scale into a significant improvement in the photovoltaic self-consumption rate and a corresponding reduction 

in the station's operating costs. 

The zoomed views in Figure 10 highlight the transient behavior of the PV power during successive 

irradiance changes. Each transition causes a brief decrease in power, resulting from the MPP shift, whose 

relocation by the STA-GWO algorithm requires only a very short time. This drop nevertheless remains 

limited to a few watts across all cases studied, before the power progressively returns to the new optimal 

value corresponding to the new irradiance level. 

This fast response results in a convergence time on the order of 2 to 3 ms, significantly reducing 

energy losses during transient phases and ensuring efficient operation of the photovoltaic system. Once 

steady state is reached, the power stabilizes with residual oscillations below 0.1% of the nominal value, 

illustrating the ability of the super-twisting controller to limit the chattering phenomenon typically observed 

with conventional sliding-mode controls. 

This behavior is reproducible across all tested irradiance levels (800, 700, 600, 500, and 400 W/m²): 

regardless of the variation amplitude, the STA-GWO algorithm rapidly converges toward the new  

maximum power point, without significant overshoot and with excellent steady-state stability.  

These qualitative observations are confirmed by the quantitative results presented in Table 3, comparing  

the theoretical maximum power with the power extracted by the STA-GWO control for each irradiance  

level studied. 

 

 

  
 

Figure 8. PV current response under dynamic 

irradiance 

 

Figure 9. PV voltage response under dynamic 

irradiance 

 

 

 
 

Figure 10. PV power response under dynamic irradiance 

 

 

The corresponding calculations are defined as (27)-(29). 

 

𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 (W)  = (𝑃max − 𝑃GWO) (27) 

 

Error (%)  = (
|𝑃max−𝑃GWO|

𝑃max
× 100) (28) 
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Efficiency (%)  =  (
𝑃GWO

𝑃max
× 100 = 100 − Error) (29) 

 

The first indicator (deviation) expresses, in absolute terms, the amount of power not extracted relative to the 

theoretical maximum available; the second (error) normalizes this deviation as a percentage, allowing a 

consistent comparison across the different irradiance levels; the third (efficiency) directly reflects the 

proportion of power effectively captured by the STA-GWO control, and constitutes the most representative 

overall performance indicator. The results show that the hybrid STA-GWO ensures very accurate tracking of 

the MPP across all irradiance levels studied. The tracking efficiency ranges between 99.30% and 99.61%, 

with an average efficiency of approximately 99.38%. 

The deviation between the theoretical maximum power ((𝑃max))and the power extracted by the 

STA-GWO control remains below 2.64 W, while the associated relative error does not exceed 0.70%. These 

values demonstrate the ability of the STA-GWO strategy to converge efficiently toward the MPP, regardless 

of the imposed irradiance conditions. The consistency of the efficiencies obtained across the entire irradiance 

range further confirms the robustness of the approach, demonstrating its suitability for use in photovoltaic 

systems subject to frequent variations in solar irradiance. To place the proposed approach in the context of 

existing MPPT techniques, Table 4 summarizes the main strengths and limitations of representative methods 

reported in the literature and compares them qualitatively with the proposed STA–GWO strategy. 

 

 

Table 3. Comparison between theoretical maximum power and power extracted by the STA-GWO control, 

for different irradiance levels 
E (W/m²) Pmax (W) P STA-GWO (W) Deviation (W) Error (%) Efficiency (%) 

1000 400.00 397.40 2.60 0.65 99.35 

850 339.48 337.30 2.18 0.64 99.36 

800 319.17 317.93 1.24 0.39 99.61 
700 278.46 276.51 1.95 0.70 99.30 

600 237.45 235.95 1.50 0.63 99.37 

500 197.23 195.88 1.35 0.68 99.32 
400 157.15 156.10 1.05 0.67 99.33 

 

 

Table 4. Comparative analysis of representative MPPT methods and the proposed STA–GWO approach 
Method Main strengths Main limitations 

P&O Simple implementation and low computational cost. Slow convergence ≈ 0.32 s, steady-state oscillations, 
reduced performance under rapidly changing irradiance 

efficiency 97.9% [6] 

INC Higher tracking accuracy 98.6% than P&O and improved 
dynamic response. 

Convergence ≈ 0.18 s, Sensitive to measurement noise 
and rapid environmental variations [6], [9] 

PSO Effective global optimization capability and good GMPP 

search 

High computational burden and possible premature 

convergence [12], [16] 
GWO Fast convergence, efficient GMPP tracking, and good 

performance under partial shading conditions 

Performance depends on parameter tuning and search-

agent configuration [14] 

STA High robustness, finite-time convergence, and reduced 
chattering 

Controller gain tuning remains challenging and requires 
stability analysis [15], [20], [25] 

Proposed 

STA-GWO 

Combines the global search capability of GWO with the 

robustness of STA, providing accurate and stable MPPT 

Increased implementation complexity due to the hybrid 

optimization–control architecture 

 

 

4. CONCLUSION 

This paper presented STA–GWO MPPT strategy for a PV-assisted EV charging station operating 

under dynamic irradiance conditions. The proposed approach combines the global optimization capability of 

the GWO with the robustness of the STA, aiming to achieve fast, accurate, and stable maximum power point 

tracking under both uniform and rapidly varying solar irradiance. Simulation results demonstrated the 

effectiveness of the proposed strategy. The STA–GWO controller achieved a convergence time of 2–3 ms 

following irradiance variations, maintained steady-state oscillations below 0.1%, and reached an average 

MPPT tracking efficiency of 99.38% over all tested irradiance scenarios. Moreover, the deviation between 

the extracted power and the theoretical maximum power remained below 2.64 W, confirming the high 

tracking accuracy and robustness of the proposed approach under dynamic operating conditions. 

A qualitative comparison with representative MPPT methods further highlights that the proposed 

STA–GWO strategy effectively combines the rapid global search capability of GWO with the robust tracking 

performance of STA. Consequently, the proposed hybrid approach offers improved dynamic response, 

enhanced tracking stability, and efficient energy extraction, making it a promising solution for photovoltaic-

based electric vehicle charging applications. Future work will focus on extending the proposed strategy 
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through the integration of a realistic electric vehicle battery charging model and BMS, while also considering 

practical uncertainties such as measurement noise, parameter variations, temperature changes, converter non-

idealities, and load disturbances, followed by experimental validation using a real-time hardware platform to 

further assess its practical applicability. 
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