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 This paper introduces a hybrid maximum power point tracking (MPPT) 

strategy for photovoltaic (PV) systems under rapidly varying irradiance 

conditions. The approach combines the super-twisting algorithm (STA), a 

second-order sliding mode control technique, with the grey wolf optimizer 

(GWO) in a coordinated framework where control action and parameter 

adaptation are jointly addressed. Unlike conventional MPPT methods that 

treat control and optimization separately, the proposed scheme improves 

transient response while limiting steady-state oscillations. The method is 

evaluated through MATLAB/Simulink simulations under multiple dynamic 

irradiance profiles, including fast-changing environmental conditions. 

Performance is assessed using complementary metrics, namely tracking 

efficiency, convergence dynamics, and root mean square error (RMSE), to 

provide an objective analysis. Results show that the STA-GWO strategy 

achieves faster convergence and improved stability compared to 

conventional SMC-GWO. It reaches an average tracking efficiency of 

99.34%, compared to 99.19% for SMC-GWO, with reduced power 

fluctuations reflected by a lower RMSE. These improvements indicate a 

better trade-off between dynamic performance and steady-state accuracy. 

While this study is based on simulations, its findings require experimental 

validation. Future work will therefore include real-time implementation to 

confirm the practical applicability of the proposed approach. 
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1. INTRODUCTION 

Solar energy, with its abundance and low carbon footprint, is central to the global energy  

transition [1]-[3]. Photovoltaic (PV) systems are strongly influenced by irradiance and temperature 

variations, which cause fluctuations in power output. To address this, maximum power point tracking 

(MPPT) algorithms are employed to continuously optimize operating conditions and maximize energy 

extraction [4], [5]. Conventional methods such as perturb and observe (P&O) and incremental conductance 

(INC) have been widely used due to their simplicity and low cost, though they face limitations under rapidly 

changing weather conditions. 

The P&O algorithm perturbs the operating point to detect power variations and adjust voltage, but it 

suffers from oscillations around the maximum power point (MPP) and slow convergence under rapid 

irradiance changes [6], [7]. The incremental conductance (INC) method improves accuracy by exploiting the 

power–voltage derivative, yet remains sensitive to noise. 

https://creativecommons.org/licenses/by-sa/4.0/
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These limitations have driven the development of advanced MPPT strategies based on artificial 

intelligence and metaheuristic optimization, offering enhanced tracking speed, stability, and robustness. 

Fuzzy logic has been widely applied in MPPT due to its ability to manage uncertainty and adapt to 

environmental changes. However, despite this performance, it requires optimization to improve  

robustness [5]. Artificial neural networks (ANNs) offer another promising solution by leveraging learning 

capabilities to predict the MPP [1]. However, ANN deployment demands high computational resources, 

which limits their use in low-power embedded systems. Meanwhile, metaheuristic algorithms have gained 

popularity due to their efficiency. Among these techniques, particle swarm optimization (PSO) has been 

widely applied to MPPT because of its fast convergence and robustness against environmental disturbances 

[8], [9]. Hybrid approaches, such as PSO-P&O, improve both stability and tracking accuracy. Other 

metaheuristic algorithms, including ant colony optimization (ACO) [10], [11], grey wolf optimization 

(GWO) [12], [13], and differential evolution (DE), have also been investigated, each offering distinct 

advantages in terms of robustness, convergence speed, and computational efficiency. 

Recent studies propose hybrid methods to further enhance MPPT performance, such as ANFIS–PSO 

and fuzzy logic–GWO [14], which improve adaptability and power extraction under variable conditions. 

Sliding mode control (SMC) has also been explored for its disturbance rejection, though its chattering effect 

induces oscillations and energy losses. The super-twisting algorithm (STA) mitigates this drawback, 

improving stability and efficiency in SMC-based MPPT [15], [16]. Despite these advances, extensive 

validation under real-world conditions remains necessary. 

This study presents a comprehensive assessment of two MPPT techniques, SMC-GWO and STA-

GWO, with a particular emphasis on their performance under dynamically varying irradiance and 

temperature conditions. Using MATLAB/Simulink simulations, using MATLAB/Simulink simulations, this 

study provides valuable insights into the efficiency of the proposed MPPT algorithms, highlighting the 

strengths of the combined approach under various operating conditions. However, a key limitation of this 

work lies in the absence of a hardware-in-the-loop (HIL) implementation, which remains a direction for 

future work. 

 

 

2. SYSTEM DESCRIPTION AND MODELLING 

Photovoltaic power generation is strongly affected by meteorological conditions, with solar 

irradiance being the dominant factor. While manufacturers specify module parameters under standard test 

conditions (STC), real-world operation rarely matches these ideal values. Low irradiance can force the 

system to it short-circuit current when load demand exceeds module capacity, causing failure. To ensure 

stable operation, load–generator decoupling is required, achieved through power electronics. DC/DC 

converters with MPPT enable efficient adaptation, with Boost-type converters (non-isolated step-up) widely 

used in research for raising the low voltage of PV panels. Figure 1 shows a PV system architecture 

employing a boost converter for decoupling. 

 

 

 
 

Figure 1. Illustration of the PV system under study 

 

 

2.1.  PV model modeling 

The photovoltaic single-diode equivalent circuit model, as shown in Figure 2, is widely adopted for 

PV cell modelling because of its simplicity and satisfactory accuracy. The model utilized in this study is the 

same as the one used in previous research [9], [10], [17]. 
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In accordance with Kirchhoff's theorem applied to the presented model, the currents within the 

photovoltaic cell can be expressed as (1) [5], [11]. 

 

𝐼𝑃𝑉 = 𝐼𝑝ℎ − 𝐼𝑑 − 𝐼𝑅𝑠ℎ (1) 

 

Where: 𝐼𝑝ℎ, the photo-current, 𝐼𝑑 the diode-current and 𝐼𝑅𝑠ℎ the shunt current [18]-[21]. After substituting the 

currents 𝐼𝑑  and 𝐼𝑅𝑠ℎ with their expressions in (1), photovoltaic current is obtained as expressed in (2) [11], [13]. 

 

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

𝐴⋅𝑁𝑠⋅𝐾⋅𝑇𝑗
) − 1] −

𝑉𝑃𝑉+𝑅𝑠⋅𝐼𝑃𝑉

𝑅𝑠ℎ
 (2) 

 

Table 1 presents the photovoltaic panel parameters. 

The (1) and (2) represent a mathematical model of a PV panel, able to describe the behavior of the 

module in Simulink. Several simulations were carried out. Figure 3 illustrates the characteristics obtained 

under varying levels of solar irradiance, ranging from 1000 W/m² with an increment of 200 W/m². The 

maximum power points are indicated by red asterisks (*). 
 

 

 
 

Figure 2. Equivalent circuit of solar cell 

 

 

Table 1. 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 3. Electrical IV and PV curves for photovoltaic panel STP80 

 

 

2.2.  DC-DC converter 

In power electronics, DC–DC converters regulate average DC signals via duty cycle of the 

switching device. Within PV systems, they act as adaptation interfaces, adjusting voltage and current to track 

the MPP and avoid short-circuit operation. Figure 4 shows the boost converter topology commonly used for 

PV panels. When the IGBT/MOSFET is ON, the source charges the inductor while the diode is reverse-

biased. When the switch is OFF, both the inductor and source deliver energy to the load. The input–output 

voltage and current relationships are defined by (3) [2], [5]. 



                ISSN: 2088-8694 

Int J Pow Elec & Dri Syst, Vol. 17, No. 2, June 2026: 1475-1485 

1478 

𝑉𝑜𝑢𝑡 =
𝑉𝑖𝑛

(1−D)

𝐼𝑖𝑛 =
𝐼𝑜𝑢𝑡

(1−𝐷)

 (3) 

 

The dynamic equations of this converter as (4) to (6) [22], [23]. 

 

(

𝑑𝐼𝐿

𝑑𝑡
= 

𝑉𝑝𝑣−𝑉0

𝐿
+ 

𝑉0

𝐿
𝑢 

𝑑𝑉0

𝑑𝑡
= (−

𝑉0

𝑅𝐶
+

𝐼𝐿

𝐶
) 

𝑉0

𝐿
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) 

 

 

 
 

Figure 4. The power circuit of a DC-DC boost converter 

 

 

2.3.    MPPT controller 

2.3.1. Super-twisting sliding mode control for MPPT 

The super-twisting algorithm is an advanced form of SMC designed to suppress chattering, thereby 

improving the durability and efficiency of PV systems. Using a nonlinear control law, it reduces switching 

effort and enhances dynamic response. In environments with variable irradiance and temperature, the 

controller ensures robust MPPT. Its implementation involves two stages: i) defining a sliding surface based 

on system dynamics to guarantee fast and stable convergence, and ii) designing a control law comprising 

equivalent and switching actions that constrains system states to the surface. Embedded in an adaptive 

feedback loop, the method minimizes disturbances, reduces oscillations, and improves both efficiency and 

reliability of PV systems [2]. 

− Sliding surface 

According to the literature, a selection of sliding surfaces has been employed by researchers [1]. The 

sliding surface S(x,t) is chosen according to (7). Both it and the first derivative should be zero. The sliding 

surface proposed in [7] is chosen to validate that the system attains the MPP. 

 

𝑠˙(𝑥, 𝑡) = 0 𝑠(𝑥, 𝑡) =
𝜕 𝑃𝑝𝑣

𝜕 𝑉𝑝𝑣
= 𝑉𝑝𝑣 (

𝜕 𝐼𝑝𝑣

𝜕 𝑉𝑝𝑣
+

𝐼𝑝𝑣

𝑉𝑝𝑣
) = 0 (7) 

 

− Control law design 
The SMC signal is composed of two distinct components, each fulfilling a critical role in ensuring 

robust and precise MPPT operation. The first component, the equivalent control, continuously adjusts system 

dynamics to maintain adherence to the sliding surface. By ensuring a smooth and stable response, it stabilizes 

the system under normal conditions and optimizes PV performance by accurately tracking the MPP despite 

variations in irradiance and temperature. The second component, the switching control, counteracts 

disturbances and model uncertainties by applying a discontinuous control action that redirects the system 

state toward the sliding surface whenever deviations occur. This mechanism enhances system resilience by 

swiftly correcting off-surface excursions, ensuring robustness against external perturbations. 
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The synergy between equivalent and switching controls makes SMC highly effective in dynamic 

and uncertain environments. While the equivalent control maintains operational stability and efficiency, the 

switching control guarantees rapid disturbance rejection. This dual-component design is integral to advanced 

MPPT strategies, enabling consistent MPP tracking and maximizing energy harvesting in PV systems.  

Figure 5 provides the structure of the ST-SMC method [3]. The global system equation control is given in (8). 

 

𝑈 = 𝑈𝑠𝑐 + 𝑈𝑒𝑐   (8) 

 

Where, Uec equivalent control and Usc is switching control, the equation of switching control is given in (9). 

 

𝑈𝑠𝑐 = 𝑈1 + 𝑈2  (9) 

 

The equations of U1 and U2 is given in (10). 

 

𝑈̇1 = −𝛾. 𝑠𝑖𝑔𝑛 (𝑆) 𝑎𝑛𝑑 𝑈2 = −𝜆. |𝑆|
1

2 𝑠𝑖𝑔𝑛 (𝑆) (10) 

 

Where γ and λ are design parameters, their respective equations are given by (11). 

 

𝛾 >  
𝛷

Γ𝑚
 𝑎𝑛𝑑 𝜆 > √

2

Γ𝑚
2 .

(Γ𝑚𝛾+ 𝛷)2

Γ𝑚𝛾− 𝛷
 (11) 

 

The (12) provides the equivalent control  𝑈𝑒𝑐 . 

 

𝑈𝑒𝑐 = −
[
𝑑𝑆

𝑑𝑋
]
𝑇
𝑓(𝑋)

[
𝑑𝑆

𝑑𝑋
]
𝑇
𝑏(𝑋)

=  1 −  
𝑉𝑝𝑣

𝑉0
 (12) 

 

The next step involves deriving and demonstrating the stability conditions to ensure the system operates 

within desired parameters. 

− Stability analysis 

The Lyapunov function is defined to ensure the stability of the suggested controller, as detailed in 

(13) and (14). 

 

V(t) =
1

2
 S2(t) (13) 

 

𝑆˙ = [
𝜕𝑆

𝜕𝑋
]
𝑇

𝑋˙ = [
𝜕𝑆

𝜕𝐼𝑝𝑣
] (−

𝑉𝑜

𝐿
(1 − 𝑢) +

𝑉𝑝𝑣

𝐿
 ) (14) 

 

A description of the first term can be found in (15). 

 

[
𝜕𝑆

𝜕𝐼𝑝𝑣
] =

1

𝑉𝑝𝑣
+

𝑞

𝑁𝑠𝑛𝑉𝑇

𝜕𝐼𝑝𝑣

𝜕𝑉𝑝𝑣
 
𝜕𝑉𝑝𝑣

𝜕𝐼𝑝𝑣
−

𝜕𝑉𝑝𝑣

𝜕𝐼𝑝𝑣
 

𝐼𝑝𝑣

𝑉𝑝𝑣
2  (15) 

 

The first derivative of IPV is given by (16). 

 
𝜕𝐼𝑝𝑣

𝜕𝑉𝑝𝑣
= − (exp (

𝑞

𝑁ₛ𝜂𝑉ₜ
)) ·  

𝑞

𝑁ₛ𝜂𝑉ₜ
·  𝐼𝑑 <  0 (16) 

 

VPV is defined as in (17). 

 

𝑉𝑝𝑣 =
𝑁𝑠𝜂 𝑉𝑇

𝑞
 ln (

𝐼𝑝ℎ+ 𝐼𝑑− 𝐼𝑝𝑣

𝐼𝑑
) (17) 

 

The derivative of (17) can be written as (18). 

 

∂𝑉𝑝𝑣

𝜕𝐼𝑝𝑣
= − ( 𝑙𝑛 (

𝐼𝑑

𝐼𝑝ℎ+ 𝐼𝑑− 𝐼𝑝𝑣
)) 

 𝑁𝑠𝜂 𝑉𝑇

𝑞
<  0  (18) 
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According to (18), it is obvious that the first term (∂S/(∂Ipv)) has a positive sign, in the next step we have to 

investigate the second term: 

 

𝑋̇ =  − (
𝑉0

𝐿
 ) ( 1 −  𝑢 ) + (

𝑉𝑝𝑣

𝐿
 ) =  − (

𝑉𝑜

𝐿
 ) ( 1 −  𝑢𝑒𝑐 − 𝑢𝑆𝑇𝐴) + (

𝑉𝑃𝑉

𝐿
 ) (19) 

 

=
𝑉𝑜

𝐿
 ( − 𝜆 |𝑆 |

1

2 𝑠𝑖𝑔𝑛( 𝑆 ) − ∫ 𝛾 𝑠𝑖𝑔𝑛( 𝑆 ) (20) 

 

According to (20), we have (21). 

 

𝑆𝑆̇  =  𝑆 [
𝜕𝑆 

 𝜕𝐼𝑝𝑣
] 

𝑉𝑜

𝐿
 ( − 𝜆 |𝑆|

1

2 𝑠𝑖𝑔𝑛(𝑆) − ∫ 𝛾 𝑠𝑖𝑔𝑛(𝑆))  (21) 

 

As a result, we can state that the Lyapunov stability is guaranteed because S and S˙ have always different 

signs. 

 

2.3.2. Super-twisting parameters using the grey wolf optimizer 

The GWO algorithm is a swarm intelligence technique inspired by the social hierarchy and 

coordinated hunting behavior observed in grey wolves. In this metaheuristic approach, solution agents are 

categorized into four hierarchical levels: Alpha, Beta, Delta, and Omega, representing the best, second-best, 

third-best, and remaining candidate solutions. 

The Alpha agents lead the optimization process by steering the search toward the most promising 

solution identified so far. Beta and Delta agents reinforce this progression by refining the search trajectory, 

while Omega agents explore less favorable regions of the solution space. This exploration enhances 

population diversity and reduces the risk of premature convergence to local optima. 

The core optimization mechanism follows three sequential phases: target localization, encirclement, and 

final attack. These stages are emulated by the gradual convergence of agents toward the global optimum, 

achieved through the iterative reduction of the distance between candidate solutions and the best-performing 

individual. 

− GWO modelling 

To implement the GWO algorithm and execute the optimization process effectively, it is essential to 

construct a mathematical representation of both the grey wolves' hunting strategy and their social hierarchy 

[4]. The model defines the social structure of the pack as follows: i) The Alpha (α) corresponds to the current 

best solution in the population; ii) The Beta (β) represents the second-best candidate; iii) The Delta (δ) 

denotes the third-ranked solution; and iv) All remaining agents are categorized as Omega (ω). 

The collective behavior of these four hierarchical groups α, β, δ, and ω guides the optimization 

dynamics throughout the search process. Subsequently, the encircling behavior observed in grey wolf hunting 

is mathematically modeled using a set of equations, which simulate the adaptive positioning of solution 

agents around a potential optimum. 

 

𝐷⃗⃗ =  | 𝐶 ⋅ 𝑋𝑝
⃗⃗ ⃗⃗  −  𝑋  (𝑡)| (22) 

 

𝑋 (𝑡 +  1) =  𝑋𝑝
⃗⃗ ⃗⃗  (𝑡) −  𝐷⃗⃗ ⋅ 𝐴  (23) 

 

𝐴  𝑎𝑛𝑑 𝐶   coefficient vectors, t denotes the current iteration, 𝑋𝑝
⃗⃗ ⃗⃗   represents the position of the prey, and 𝑋  

indicates the position of a grey wolf. The vectors 𝐴  and 𝐶  are defined as (24) and (25) [13], [24]. 

 

𝐴 =  2 𝑎 ⋅ 𝑟1⃗⃗⃗  −  𝑎   (24) 

 

𝐶 =  2 𝑟2⃗⃗  ⃗ (25) 

 

Vectors 𝑟1⃗⃗⃗   and 𝑟2 ⃗⃗  ⃗ are randomly generated, while the coefficient 𝑎  decreases linearly from 2 to 0. Figure 6 

demonstrates how to change the positions of elements α, β, and δ, accordingly. To model the hunting strategy 

within the promising regions of the search space, the (26)-(28) mathematical expressions are used. 

 

𝐷𝛼
⃗⃗⃗⃗  ⃗ =  | 𝐶1

⃗⃗⃗⃗  𝑋𝑎
⃗⃗ ⃗⃗  ⃗ −  𝑋 |, 𝐷𝛽

⃗⃗ ⃗⃗  =  | 𝐶2
⃗⃗⃗⃗  𝑋𝛽

⃗⃗ ⃗⃗  ⃗ −  𝑋 |, 𝐷𝛿
⃗⃗ ⃗⃗  =  | 𝐶3

⃗⃗⃗⃗  𝑋𝛿
⃗⃗ ⃗⃗  ⃗ −  𝑋 | (26) 
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{

𝑋1
⃗⃗⃗⃗ = 𝑋α

⃗⃗ ⃗⃗  − 𝐴1
⃗⃗⃗⃗ (𝐷α

⃗⃗ ⃗⃗  )

𝑋2
⃗⃗⃗⃗ = 𝑋β

⃗⃗ ⃗⃗ − 𝐴2
⃗⃗ ⃗⃗ (𝐷β

⃗⃗ ⃗⃗  )

𝑋3
⃗⃗⃗⃗ = 𝑋δ

⃗⃗⃗⃗ − 𝐴3
⃗⃗ ⃗⃗ (𝐷δ

⃗⃗ ⃗⃗  )

 (27) 

 

𝑋 (𝑡 + 1) =
1

3
(𝑋1
⃗⃗⃗⃗ + 𝑋2

⃗⃗⃗⃗ + 𝑋3
⃗⃗⃗⃗ ) (28) 

 

𝐴  is a random vector whose components are independently drawn from a uniform distribution over the 

interval [−𝑎, 𝑎]. 
 

 

 
 

Figure 5. Provides the structure of the STA 

 

 

 
 

Figure 6. Position update process in grey wolf optimization [25] 

 

 

3. RESULTS AND DISCUSSION 

The MPPT performance of the hybrid STA_GWO algorithm was evaluated through 

MATLAB/Simulink simulations on a PV system using STP80 modules. The GWO is configured with a 

population size of 20 agents and a maximum of 30 iterations. Current–voltage and power–voltage curves 

presented in Figure 3 were generated to assess the algorithm’s ability to track and stabilize the MPP under 

varying conditions. The system employs a boost DC–DC converter with L = 2 mH and C = 330 μF, ensuring 

ΔI <20% at 20 kHz. The STA_GWO controller, implemented as an external script, adaptively adjusts 

parameters in real time based on system feedback. Two scenarios were tested: first, under STC, the PV 

system’s dynamic response is shown in Figures 7(a)-7(d), illustrating output power, voltage, and current. The 

waveforms confirm rapid settling around the MPP with stable and robust tracking. Results demonstrate that 

the STA_GWO-based MPPT achieves fast convergence, negligible steady-state oscillations, and high energy 

conversion efficiency, underscoring its effectiveness and reliability for PV systems. In the second scenario, 

the system was subjected to varying irradiance levels (500, 700, 1000, 400, 600 W/m² at T = 25 °C) to 

emulate realistic environmental changes. Figures 8(a) and 8(b) show the corresponding dynamic responses  

Figures 8(b)-8(d) show that the STA_GWO method maintains fast and accurate MPPT with minimal power 

fluctuation across all irradiance stages, confirming its robustness under rapidly changing solar conditions. 

These results highlight the algorithm’s exceptional capability to swiftly adjust and precisely follow 

the MPP under rapidly evolving operating conditions. Furthermore, the controller demonstrates strong 

robustness against sudden irradiance and temperature variations, maintaining stable tracking performance 

with minimal oscillations. This behavior confirms its suitability for highly dynamic PV environments and 

emphasizes its potential for improving overall energy harvesting efficiency. 
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(a) (b) 

  
(c) (d) 

 

Figure 7. Under STC, the PV system’s dynamic response in (a) output PV power, (b) PV curve,  

(c) PV voltage, and (d) PV current 
 

 

 

 
(a) (b) 

  
(c) (d) 

 

Figure 8. Dynamic response of the PV system under varying irradiance conditions in (a) irradiance,  

(b) PV power, (c) PV voltage, and (d) PV current under dynamic irradiance 
 

 

Figure 9 illustrates the dynamic response of SMC_GWO and STA_GWO MPPT algorithms under 

variable irradiance. Results show that STA_GWO significantly reduces oscillations around the MPP, 

ensuring stable operation and minimizing power losses during rapid irradiance changes. The method also 

achieves faster convergence and higher efficiency, confirming its robustness in highly variable solar 

conditions. Compared to SMC_GWO, STA_GWO demonstrates superior response time and tracking 

accuracy, positioning it as a notable advancement in MPPT optimization for modern PV systems. 

Efficiency evaluation of both techniques considers delivered power, overall efficiency, and RMSE, 

enabling precise assessment of tracking speed, stability, and accuracy. Table 2 provides averaged statistical 
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results across irradiance levels, while Figure 10 highlights improved tracking efficiency with STA_GWO. 

Overall, STA_GWO consistently outperforms SMC_GWO under fast-changing irradiance profiles. 
 

 𝜂 =
𝑂𝑃𝑉

𝑅𝑃𝑉
 (29) 

 

RMSE = √
∑ (𝑅𝑃𝑉−𝑂𝑃𝑉)2𝑛𝑟

𝑖=1

𝑛𝑟
  (30) 

 

 

Table 2. Efficiency analysis for MPPT algorithms under various irradiance levels 
Irradiation (W/m²) 500 700 1000 400 600 

Period (S) [0 1] [2 4] [4 6] [6 8] [8 10] 

Reel Ppv (W) (RPV) 78.59 111.38 160 62.20 94.98 

Obtained 
Power (W) (OPV) 

SMC 77.95 110.47 158.71 61.67 94.23 
STA 78.07 110.65 158.95 61.79 94.37 

Efficiency (η) 
SMC 99.1856 99.1829 99.1937 99.1479 99.2103 

STA 99.3383 99.3445 99.3437 99.3408 99.3577 

RMSE 
SMC 0.86547097 

STA 0.69942833 

 

 

  
 

Figure 9. PV power under varying irradiance 

 

Figure 10. Average tracking efficiency of two MPPT 

techniques 

 

 

4. CONCLUSION 

This study presents and evaluates a novel MPPT algorithm integrating a second-order sliding mode 

control-based STA with the GWO metaheuristic to enhance PV system efficiency under variable irradiance 

conditions within a Simulink simulation framework to improve MPPT performance. The STA reduces 

chattering and improves accurate tracking of the maximum power point under dynamic environmental 

conditions and rapid irradiance variations. The GWO algorithm fine-tunes controller parameters, improving 

robustness and stability of the PV system control loop. MATLAB/Simulink results show that the proposed 

STA_GWO outperforms conventional SMC_GWO MPPT in comparison with the classical method. Tracking 

efficiency is increased (SMC_GWO: 99.19%; STA_GWO: 99.34%) with reduced power oscillations, 

enhancing energy extraction and leading to improved energy harvesting performance under highly fluctuating 

weather conditions in real operating scenarios. Overall, the hybrid approach improves tracking accuracy, 

robustness, and chattering reduction compared with existing methods for photovoltaic applications with 

enhanced overall system performance. Future work will focus on the real-time experimental implementation 

of these techniques. 
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