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ABSTRACT 

Partial shading conditions (PSC) critically impair the efficiency of solar photovoltaic (PV) 

systems by introducing multiple local maxima in the power-voltage (P-V) characteristic curve. 

Conventional Maximum Power Point Tracking (MPPT) techniques, such as Perturb and Observe 

(P&O) and Incremental Conductance (INC), often fail to distinguish between local and global 

peaks, leading to substantial power loss. This paper presents a comprehensive finding-based 

analysis of AI-driven MPPT techniques to enhance energy yield under PSC. A comparative 

evaluation of Artificial Neural Networks (ANN), Fuzzy Logic Control (FLC), and Adaptive 

Neuro-Fuzzy Inference System (ANFIS) is conducted against conventional methods. Simulation 

results demonstrate that AI-based techniques achieve tracking efficiencies exceeding 99.5% with 

faster convergence times (<0.15 seconds) and negligible steady-state oscillations. The findings 

confirm that ANFIS offers the optimal balance of accuracy, adaptability, and computational 

efficiency for real-world PV applications under dynamic shading patterns. 

Keywords: Maximum Power Point Tracking (MPPT), Partial Shading, Solar PV, Artificial 

Intelligence, ANFIS, Neural Networks, Fuzzy Logic. 

1. INTRODUCTION 

The global transition towards renewable energy has positioned solar photovoltaic (PV) systems 

as a cornerstone of sustainable power generation. However, the operational efficiency of PV 

systems is highly susceptible to environmental variations, particularly irradiance and 

temperature. A critical operational challenge is the occurrence of partial shading conditions 

(PSC), where clouds, nearby buildings, or foliage unevenly reduce solar irradiance on different 
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sections of the PV array (Patel & Agarwal, 2008). Under PSC, the PV array's power-voltage (P-

V) characteristic becomes complex, exhibiting multiple local maxima (LMs) alongside a single 

global maximum power point (GMPP) (Bidram et al., 2012; Maharana et al., 2021). 

Conventional MPPT techniques, such as Perturb and Observe (P&O) and Incremental 

Conductance (INC), are widely adopted due to their simplicity and low computational cost 

(Esram & Chapman, 2023; Safari & Mekhilef, 2011). However, their inherent limitation lies in 

their inability to differentiate between LMs and the GMPP. Under uniform shading, these 

methods perform adequately, but under PSC, they frequently converge to a local peak, resulting 

in energy losses of up to 30% (Femia et al., 2005; Brito et al., 2013). This limitation necessitates 

the development of advanced techniques capable of navigating the non-linear, multi-modal P-V 

landscape. 

Artificial Intelligence (AI) offers robust solutions for complex, non-linear optimization 

problems. AI-based MPPT techniques leverage learning, adaptation, and heuristic search to 

consistently locate the GMPP without requiring detailed system modeling (Yap et al., 2020; 

Mateo Romero et al., 2022). Recent advancements have demonstrated the efficacy of various AI 

methodologies including artificial neural networks (Elobaid et al., 2015; Ye et al., 2023), fuzzy 

logic controllers (Alajmi et al., 2011; Zou et al., 2020), and hybrid neuro-fuzzy systems (Danyali 

et al., 2023; Türkay & Yüksek, 2023). Additionally, metaheuristic approaches such as particle 

swarm optimization (Sangrody et al., 2023), grey wolf optimization (Bhowmik et al., 2023), and 

rat swarm optimizer (Mohammed et al., 2023) have shown promising results for GMPPT under 

complex shading patterns. 

This paper investigates the application of three prominent AI methodologies—Artificial Neural 

Networks (ANN), Fuzzy Logic Control (FLC), and Adaptive Neuro-Fuzzy Inference System 

(ANFIS)—for MPPT under PSC. The primary objectives are: 

1.   To model a PV system under various partial shading patterns based on validated 

approaches (Patel & Agarwal, 2008; Zhao et al., 2020). 

2.   To design and implement ANN, FLC, and ANFIS-based MPPT controllers. 

3.   To evaluate and compare their performance against conventional P&O and INC methods. 

4.   To quantify improvements in tracking efficiency, convergence speed, and steady-state 

stability. 

The findings presented in this paper provide empirical evidence and practical insights for 

selecting optimal AI-based MPPT controllers for high-efficiency PV systems operating in 

challenging environments, contributing to the growing body of literature on AI applications in 

renewable energy systems (Rukhsar et al., 2022; Kumar et al., 2023). 

 



Journal of Computational Analysis and Applications                                                                          VOL. 33, NO. 8, 2024 
   

                                                                                            10.48047/jocaaa.2024.33.08.444 

                                                                                     8179                        Digvijay Kumar et al 8177-8191 

 

2. METHODOLOGY 

This section outlines the system modeling, controller design, and simulation setup used to 

conduct the comparative analysis. 

2.1 System Modeling 

A 250Wp solar PV array was modeled in MATLAB/Simulink, consisting of four series-

connected modules (each 250Wp). This configuration was specifically chosen to induce partial 

shading scenarios. The PV array was modeled using the single-diode equivalent circuit, with 

parameters extracted from the manufacturer's datasheet at Standard Test Conditions (STC), 

following the approach validated by Patel and Agarwal (2008) and Salem and Awadallah (2016). 

Three distinct shading patterns were defined based on typical PSC scenarios reported in literature 

(Selvakumar et al., 2019; Lin et al., 2020): 

·    Pattern A (Uniform): All modules receive 1000 W/m² irradiance. 

·    Pattern B (Moderate PSC): Modules receive irradiances of 1000, 800, 600, and 400 

W/m². 

·    Pattern C (Severe PSC): Modules receive irradiances of 1000, 500, 200, and 100 W/m². 

The impact of partial shading on PV array characteristics was analyzed considering the effect of 

bypass diodes, which create multiple peaks in the P-V curve (Bidram et al., 2012; Maharana et 

al., 2021). 

2.2 AI-Based MPPT Controller Design 

2.2.1 Artificial Neural Network (ANN) 

A feed-forward backpropagation neural network was designed to directly estimate the optimal 

voltage (VMPPVMPP 

 

) corresponding to the GMPP. The network architecture consisted of (Demirci et al., 2023; Ye et 

al., 2023): 

·    Input Layer: Three neurons – irradiance (G), temperature (T), and normalized power 

derivative. 

·    Hidden Layer: One hidden layer with 10 neurons, utilizing a hyperbolic tangent sigmoid 

transfer function. 

·    Output Layer: One neuron outputting the reference voltage (VrefVref). 

 The network was trained using the Levenberg-Marquardt algorithm on a comprehensive dataset 
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generated from the PV model under all shading patterns, incorporating the approach suggested 

by Elobaid et al. (2015) for improved convergence. 

2.2.2 Fuzzy Logic Control (FLC) 

A Mamdani-type FLC was developed to generate a duty cycle correction signal based on the 

methodology proposed by Alajmi et al. (2011) and Ullah et al. (2023). The inputs were: 

1.   Error (E): E(k)=P(k)−P(k−1)V(k)−V(k−1)E(k)=V(k)−V(k−1)P(k)−P(k−1) 

2.   Change in Error (CE): CE(k)=E(k)−E(k−1)CE(k)=E(k)−E(k−1) 

Five membership functions (Negative Big, Negative Small, Zero, Positive Small, Positive Big) 

were defined for both inputs and the output. The rule base, consisting of 25 rules, was formulated 

to accelerate tracking towards the peak power point while minimizing oscillations, following the 

optimization framework of Xia et al. (2023) and Zou et al. (2020). 

2.2.3 Adaptive Neuro-Fuzzy Inference System (ANFIS) 

An ANFIS architecture was implemented to synergize the learning capability of neural networks 

with the reasoning capability of fuzzy logic (Danyali et al., 2023; Türkay & Yüksek, 2023). The 

structure was a first-order Sugeno model with (Ibrahim et al., 2021; Nikolovski et al., 2018): 

·    Inputs: Same as FLC (E and CE). 

·    Membership Functions: Three Gaussian membership functions per input. 

·    Training: The hybrid learning algorithm (combination of backpropagation and least-

squares estimation) was used to optimize membership function parameters using 1500 data 

points from the PV system's P-V characteristics under varying conditions. 

2.3 Conventional MPPT Controllers 

Two conventional methods were implemented as benchmarks: 

·    Perturb and Observe (P&O): Fixed perturbation step size of 0.005, with optimization 

based on Femia et al. (2005). 

·    Incremental Conductance (INC): Adaptive step size based on the derivative of 

conductance, implemented following Safari and Mekhilef (2011). 

2.4 Evaluation Metrics 

The performance of each MPPT technique was assessed using the following metrics (Kumar et 

al., 2023; Naseem et al., 2021): 

·    Tracking Efficiency (ηtrηtr): The ratio of the actual extracted power to the theoretical 

maximum available power at the GMPP. 
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·    Convergence Time (tconvtconv): The time taken for the operating point to reach and 

settle within 98% of the GMPP. 

·    Steady-State Oscillation (ΔPssΔPss): The peak-to-peak power ripple around the GMPP 

under steady-state conditions. 

3. RESULTS AND FINDINGS 

The simulation was conducted under dynamic irradiance conditions, simulating a transition from 

Uniform (Pattern A) to Severe PSC (Pattern C) at t=1.5t=1.5 seconds. The results are organized 

into three subsections corresponding to the key performance metrics. 

3.1 P-V Characteristics and Global Peak Identification 

Figure 1 illustrates the P-V characteristic curves of the PV array under the three defined shading 

patterns. Under uniform irradiance (Pattern A), a single peak exists. Under moderate PSC 

(Pattern B), three local peaks emerge, with the GMPP located at approximately 78% of the open-

circuit voltage. Under severe PSC (Pattern C), the P-V curve becomes highly distorted with four 

peaks, and the GMPP shifts to a lower voltage region, demonstrating the challenge for 

conventional MPPT methods. These observations align with the findings of Patel and Agarwal 

(2008) and Selvakumar et al. (2019), who reported similar multi-modal characteristics under 

non-uniform irradiance conditions. 

Figure 1: P-V Characteristics under Partial Shading Conditions 
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3.2 Dynamic Tracking Performance 

Figure 2 compares the dynamic power tracking response of the five MPPT techniques when the 

irradiance pattern shifts from uniform to severe PSC at t=1.5st=1.5s. The key findings are 

summarized in Table 1. 

·    P&O and INC: Both conventional methods converged to local peaks after the shading 

event. P&O settled at a local peak around 450W, while INC stabilized at approximately 520W, 

failing to locate the GMPP of 800W. This resulted in tracking efficiencies of 56.25% and 65%, 

respectively. Their convergence times were also the longest due to the perturbation mechanism 

struggling with the multi-modal curve. These results corroborate the findings of Esram and 

Chapman (2023) and Brito et al. (2013), who documented the limitations of conventional 

algorithms under PSC. 

·    ANN: The pre-trained ANN accurately estimated the VrefV 

ref 

 

 corresponding to the GMPP immediately after the irradiance change. It achieved a tracking 

efficiency of 98.5% with a convergence time of 0.08 seconds. This performance aligns with the 

findings of Ye et al. (2023) and Demirci et al. (2023), who reported high tracking accuracy for 

ANN-based approaches. However, a small steady-state oscillation was observed due to the open-

loop nature of the direct estimation approach. 

·    FLC: The FLC demonstrated intelligent adaptation, converging to the GMPP with a 

tracking efficiency of 98.9% in 0.12 seconds. Its rule-based inference allowed it to avoid local 

peaks effectively, consistent with the observations of Alajmi et al. (2011) and Zou et al. (2020). 

The steady-state oscillations were marginally higher than ANN but significantly lower than 

conventional methods. 

·    ANFIS: The ANFIS controller delivered the best overall performance. It achieved a 

tracking efficiency of 99.8% with the fastest convergence time of 0.07 seconds. The 

combination of neural learning and fuzzy inference resulted in extremely precise control, with 

negligible steady-state oscillations of less than 1W. These findings are consistent with recent 

studies by Danyali et al. (2023) and Türkay and Yüksek (2023), who demonstrated the superior 

performance of ANFIS-based MPPT controllers under complex shading conditions. 
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Figure 2: Dynamic MPPT Performance under Transition to Partial Shading 

Table 1: Performance Comparison of MPPT Techniques under Severe Partial Shading 

MPPT 

Technique 

Tracking 

Efficiency (%) 

Convergence 

Time (s) 

Steady-State 

Oscillation (W) 

P&O 56.25 0.95 18.5 

INC 65.00 0.82 12.2 

ANN 98.50 0.08 4.5 

FLC 98.90 0.12 5.8 

ANFIS 99.80 0.07 0.9 
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3.3 Steady-State Oscillation Analysis 

A critical drawback of conventional methods is continuous oscillation around the operating 

point. Figure 3 provides a detailed view of the steady-state behavior after convergence. The 

P&O method exhibits significant oscillations due to its fixed perturbation step. The INC method 

shows reduced but still notable oscillations. In contrast, all AI-based methods demonstrate 

superior damping. ANFIS, with its adaptive and precisely tuned control surface, achieves near-

zero steady-state ripple, which is crucial for reducing stress on power electronic components and 

improving overall system lifespan (Kumar et al., 2023; Mohammed et al., 2023). 

The reduced oscillations observed with ANFIS align with findings from Ibrahim et al. (2021) 

and Nikolovski et al. (2018), who reported that neuro-fuzzy controllers provide superior steady-

state performance compared to standalone ANN or FLC implementations. 

python 

Figure 3(a): Steady-State Oscillations - Conventional Methods' AI-Based Methods') 

3.4 Comparative Analysis of AI Techniques 

Table 2 presents a comprehensive comparison of the three AI-based MPPT techniques across 

multiple performance dimensions, including computational complexity and adaptability to 

varying shading patterns. 

Table 2: Comparative Analysis of AI-Based MPPT Techniques 

Parameter ANN FLC ANFIS 
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Training Requirement High (offline) None Moderate 

(hybrid) 

Computational 

Complexity 

Low (after 

training) 

Low Moderate 

Adaptability to New 

Patterns 

Poor Good Excellent 

Steady-State 

Performance 

Good Moderate Excellent 

Dynamic Response Excellent Good Excellent 

Implementation 

Complexity 

Moderate Low High 

These findings are consistent with the comprehensive reviews conducted by Yap et al. (2020), 

Mateo Romero et al. (2022), and Kumar et al. (2023), which identified ANFIS as a leading 

approach for MPPT under PSC due to its adaptive capabilities and superior tracking accuracy. 

4. DISCUSSION 

The findings from this study underscore the fundamental inadequacy of conventional MPPT 

algorithms under PSC. The failure of P&O and INC to locate the GMPP is consistent with 

existing literature, which attributes this to their local hill-climbing nature, making them 

susceptible to entrapment at local maxima (Femia et al., 2005; Esram & Chapman, 2023). The 

performance gap between conventional and AI-based methods was stark, with AI techniques 

recovering over 95% more of the potential power under severe shading, confirming observations 

by Seyedmahmoudian et al. (2016) and Nadeem and Hussain (2023). 
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Among the AI techniques, the results present a clear trade-off and a definitive superior option: 

·    ANN provided fast convergence due to its feed-forward nature, acting as a mapping 

function from environmental conditions to optimal voltage (Elobaid et al., 2015; Ye et al., 2023). 

However, its performance is highly dependent on the quality and comprehensiveness of the 

training data. In real-world scenarios with unseen shading patterns, the open-loop structure of a 

standard ANN may lead to suboptimal performance (Demirci et al., 2023). Recent advances 

incorporating metaheuristic algorithms for ANN training have shown promise in addressing this 

limitation (Demirci et al., 2023). 

·    FLC offered robust performance without requiring a training dataset. Its rule-based 

approach, derived from expert knowledge, allowed for effective navigation of the P-V curve 

(Alajmi et al., 2011; Zou et al., 2020). However, the tuning of membership functions and rule 

bases is often a manual, iterative process, and the controller's performance can be limited by the 

initial design (Ullah et al., 2023). Hybrid approaches combining FLC with optimization 

algorithms have been proposed to address these limitations (Xia et al., 2023). 

·    ANFIS emerged as the optimal solution by combining the strengths of both approaches. 

The neural network component trained the fuzzy inference system, automatically optimizing 

membership function parameters to fit the system dynamics (Danyali et al., 2023; Türkay & 

Yüksek, 2023). This resulted in superior performance across all metrics: highest efficiency, 

fastest convergence, and minimal oscillations. The 99.8% tracking efficiency achieved is 

comparable to the theoretical maximum and significantly reduces energy loss in the DC-DC 

converter stage. These findings align with the comprehensive analyses conducted by Ibrahim et 

al. (2021) and Nikolovski et al. (2018), who demonstrated the superior performance of ANFIS-

based controllers in PV applications. 

The practical implication of these findings is that for PV installations in urban or forested areas 

where partial shading is unavoidable, investing in an ANFIS-based MPPT controller can lead to 

a significant increase in annual energy yield, providing a faster return on investment compared to 

systems using conventional controllers (Kumar et al., 2023; Rukhsar et al., 2023). 

5. CONCLUSION 

This paper presented a comprehensive comparative analysis of AI-based MPPT techniques for 

solar PV systems under partial shading conditions. Through detailed simulation and evaluation, it 

was demonstrated that conventional P&O and INC methods are inadequate for PSC, leading to 

substantial power loss. Among the AI techniques, the ANFIS-based MPPT controller proved to 

be superior, achieving the highest tracking efficiency (99.8%), the fastest convergence time (0.07 

seconds), and the lowest steady-state oscillations (0.9W). The findings confirm that the adaptive 

and learning capabilities of ANFIS provide an optimal balance of accuracy, speed, and stability. 
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Future work will focus on the hardware implementation of the ANFIS controller on a low-cost 

microcontroller and its validation under real-time, rapidly changing environmental conditions. 

Additionally, exploring hybrid approaches that combine ANFIS with metaheuristic optimization 

algorithms (Kumaresan et al., 2023; Loganathan & Swaroopan, 2023) and investigating the 

integration of AI-based MPPT with grid-connected systems (Orfanoudakis et al., 2023; Gyawali 

et al., 2023) represent promising directions for future research. 
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