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Abstract—The integration of photovoltaic (PV) systems with energy storage is essential to ensure 

reliable power delivery under variable environmental conditions. A critical component in such 

systems is the maximum power point tracking (MPPT) controller, which directly influences overall 

efficiency. Conventional methods, such as Perturb and Observe (P&O), are widely used due to their 

simplicity but suffer from steady-state oscillations and slow response under rapidly changing 

irradiance. This paper presents a comparative study between a conventional P&O–based MPPT with 

multistage battery charging and an artificial intelligence (AI)–enhanced fuzzy logic MPPT integrated 

with the same charging strategy. System models of the PV array, DC-DC buck converter, and lithium-

ion battery are developed to provide an accurate simulation framework. Results demonstrate that the 

fuzzy MPPT effectively mitigates oscillations, improves tracking efficiency, and ensures smoother 

battery charging profiles compared to the conventional approach, albeit with increased computational 

complexity and simulation time.  

Keywords—Maximum Power Point Tracking (MPPT), Photovoltaic Systems, Fuzzy Logic Control, 

Multistage Battery Charging, Renewable Energy Storage 

 

I. INTRODUCTION 

Due to its scalability, declining costs, and adaptability to 
both grid-tied and standalone systems, solar photovoltaic 
(PV) technology has become a cornerstone of modern 
renewable energy systems. That said, the power output of PV 
panels is inherently inconsistent, as it is highly sensitive to 
factors such as irradiance, temperature, and shading. These 
non-ideal conditions make it challenging to sustain efficient 
energy capture and stable system operation [1]. To address 
this, Maximum Power Point Tracking (MPPT) algorithms 
are employed to keep PV arrays operating at or near their 
optimal power point, even as environmental conditions 
fluctuate [2]. Among the most widely used MPPT methods 
are Perturb and Observe (P&O) and Incremental 
Conductance (INC), both valued for their low computational 
demands and ease of implementation in hardware and 
simulation environments. However, these approaches have 
limitations. P&O, in particular, tends to introduce steady-
state oscillations around the maximum power point and 
exhibits sluggish responses during rapid irradiance changes. 
These drawbacks can reduce energy yield and, under non-
uniform or rapidly shifting conditions, may cause the system 
to lose track of the true maximum power point [3]. 

In stand-alone or off-grid PV systems, lithium-ion 
batteries are commonly employed for energy storage. 
Adopting an appropriate charging strategy is essential—not 
only to maximize usable energy extraction but also to reduce 
battery stress and extend lifespan. Multistage charging 
protocols, such as constant current (CC) followed by 
constant voltage (CV) and concluding with a float or tapering 
stage, have become standard practice. These approaches 
strike a balance between rapid charging and adherence to 
safety and voltage limits. [4] All of these strategies rely on 
accurate battery models that represent open-circuit voltage 
(OCV), internal resistance, and transient dynamics (e.g., via 
equivalent circuit / Thevenin / RC dual-polarization models). 
Crucially, the inherent power oscillations generated by 
conventional MPPT algorithms like P&O translate directly 
into current and voltage ripples at the battery 
terminals.Recent studies have quantified that these high-
frequency micro-cycles significantly accelerate solid 
electrolyte interphase (SEI) layer degradation and reduce the 
overall efficiency of multistage charging protocols [5], [6]. 

To improve upon the limitations of conventional 

MPPT under dynamic conditions and mitigate the 

resulting electrical stress on battery storage, 
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several artificial intelligence and heuristic 

methods have been explored. State-of-the-art 

reviews emphasize that Fuzzy Logic Controllers 

(FLCs) remain highly favorable for PV integration 

because they provide robust, model-free 

optimization without the massive training datasets 

required by deep learning approaches [7]. FLCs 

have been applied to adapt MPPT perturbation 

steps or make duty-cycle decisions in response to 

PV power or derivative signals; such controllers 

often reduce oscillations and improve tracking 

accuracy, particularly under variable irradiance or 

temperature transitions [8], [9]. The primary 

motivation for employing Fuzzy Logic in this 

study lies in its ability to translate the heuristic, 

rule-based logic of the P&O algorithm into 

smooth, continuous control actions without 

requiring an exact mathematical model of the 

highly non-linear PV system. Hybrid fuzzy-P&O 

or optimized fuzzy MPPTs have also been 

studied, and in many cases deliver better 

performance (lower oscillation, faster settling) but 

at a cost of additional implementation complexity 

or longer simulation/computation time [10]. By 

comparing a baseline conventional P&O + 

multistage charging strategy against an AI-

enhanced fuzzy MPPT + multistage charger 

within an identical simulation model, this work 

examines trade-offs in charging time, energy 

harvesting, oscillation magnitude, and battery 

stress proxies. To fill the identified gaps in current 

comparative research, this paper makes the following 

explicit scientific contributions: 

• The design and implementation of a dedicated Fuzzy 

MPPT controller that leverages changes in PV power (ΔP) 

and voltage (ΔV) to smoothly optimize duty cycle 

adjustments, thereby effectively eliminating the steady-state 

oscillations that are inherent to conventional approaches 
• A rigorous comparative simulation protocol that evaluates 
both controllers under extended dynamic conditions, moving 
beyond standard step-responses to quantify the actual State 
of Charge (SOC) progression and total accumulated energy 
transfer. 

 An integrated analysis of MPPT performance on battery 
health, demonstrating qualitatively and quantitatively 
how the mitigation of MPPT-induced current ripples by 
the Fuzzy controller reduces electrical stress during 

multistage charging, thereby promoting long-term 
battery reliability. 

The structure of this paper is as follows. Section II 
reviews related work on both conventional and AI-based 
MPPT techniques. Section III describes the system modeling, 
covering the PV module, DC-DC buck converter, and 
lithium-ion battery. Section IV outlines the control strategies, 
including the perturb and observe algorithm, multistage 
charging, and fuzzy logic–based MPPT. Section V presents 
and compares the simulation results of the conventional and 
AI-enhanced controllers. Finally, Section VI concludes the 
paper and suggests potential future research directions, with 
an emphasis on hybrid intelligent optimization methods. 

II. RELATED WORK 

A number of studies have explored ways to enhance 
photovoltaic power conversion by implementing more 
efficient MPPT strategies. Traditional methods like Perturb 
and Observe (P&O) continue to be widely adopted; however, 
they are often plagued by oscillations and sluggish dynamic 
responses under fluctuating irradiance conditions [11]. To 
mitigate these shortcomings, fuzzy logic controllers have 
gained considerable attention, showing faster convergence 
and greater stability relative to conventional techniques [2], 
[9]. In addition, hybrid schemes that integrate fuzzy logic 
with traditional algorithms have been reported to offer 
improved adaptability in partial shading scenarios [12]. On 
the energy storage front, accurate battery modeling and 
appropriate charging strategies have been shown to 
significantly affect system reliability. More specifically, 
advanced equivalent circuit models for lithium-ion batteries 
have been developed to enhance state-of-charge estimation 
and prolong battery cycle life when used with multi-stage 
charging profiles [4], [13]. Within this context, our study 
builds upon these contributions by comparing a conventional 
P&O MPPT combined with a multi-stage charging strategy 
against an AI-enhanced fuzzy logic MPPT under realistic 
operating conditions. This comparison aims to highlight the 
practical trade-offs between simplicity and enhanced 
performance in PV–battery systems. 

III. SYSTEM MODELLING AND CHARACTERISTICS 

As illustrated in Figure 1, the proposed system comprises a 

PV panel linked via a protection diode and a smoothing 

capacitor to a DC–DC buck converter. The converter's 

IGBT switch is driven by a maximum power point tracking 

(MPPT) algorithm—either Perturb and Observe (P&O) or 

Fuzzy Logic Control (FLC)—which adjusts the duty cycle 

accordingly. The resulting regulated output charges a 

lithium-ion battery that acts as the storage unit. This 

configuration ensures optimal power extraction from the PV 

source while supporting efficient and stable battery 

charging. 
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Fig. 1. Block diagram of the simulated standalone PV–battery system 

A. Photovoltaic Panel 

The functioning of solar cells relies on the photovoltaic 
effect, a phenomenon first observed by Edmond Becquerel in 
1839. In this process, photons striking a semiconductor 
material excite electrons from the valence band into the 
conduction band, thereby generating electron–hole pairs [14]. 
Once these charge carriers are separated by the internal 
electric field of the p–n junction, a photocurrent is produced. 
This fundamental mechanism underpins all modern 
photovoltaic (PV) technologies. 

A basic PV cell can be modeled by an equivalent circuit 
that includes a current source connected in parallel with a 

diode, together with a series resistance 𝑅
𝑠

 (representing 

ohmic losses in the contacts and semiconductor) and a shunt 

resistance 𝑅
𝑠ℎ

(accounting for leakage currents) [15]. Figure 

(2) presents the simplified equivalent circuit model. 

 

Fig. 2. PV cell equivalent circuit diagram 

 

The output current–voltage (1) relationship of a PV cell 
is generally expressed by the single-diode equation: 

𝐼 = 𝐼𝑝𝑣 − 𝐼𝑜 (𝑒
𝑞(𝑉+𝐼𝑅𝑠)

𝑁𝑘𝑇 − 1) −
𝑉+𝐼𝑅𝑠

𝑅𝑝
 (1) 

where 𝐼
𝑝𝑣

is the photo-generated current (proportional to 

irradiance), 𝐼
𝑜
is the diode saturation current, 𝑞 is the electron 

charge, N is the diode ideality factor, 𝑘  is Boltzmann’s 
constant, and T is the cell temperature in Kelvin [16]. 

For a PV module composed of 𝑁
𝑠
 series-connected cells 

and 𝑁
𝑝
 parallel strings, the model can be generalized as: 

𝐼 = 𝑁𝑝𝐼𝑝ℎ −𝑁𝑝𝐼0 [exp⁡(
𝑞(𝑉+𝐼

𝑁𝑠
𝑁𝑝

𝑅𝑠)

𝑁𝑠𝑘𝑇
) − 1] −

𝑉+𝐼
𝑁𝑠
𝑁𝑝

𝑅𝑠

𝑁𝑠
𝑁𝑝

𝑅𝑝
     

    (2) 

 
This model effectively captures the nonlinear 

characteristics of PV arrays, allowing for precise simulation 
of power output across varying levels of irradiance and 
temperature [17]. 

The corresponding power is simply given by: 

𝑃𝑝𝑣 = 𝑉 × 𝐼   (3) 

Yielding the well-known P–V characteristic curve, which 
exhibits a single maximum power point (MPP) under 
uniform conditions. Variations in irradiance shift the curve 

vertically (scaling 𝐼𝑝ℎ), while temperature mainly influences 

the open-circuit voltage (𝑉𝑜𝑐), reducing the MPP voltage as 
temperature increases [18]. 

Such modelling is essential for designing control 
strategies like MPPT, which must continuously adapt to 
track the dynamic maximum power point as environmental 
conditions change. 

 

Fig. 3. characteristic curves of a the PV array used with 2 parallel strings and 
4 series-connected modules per string (a) mpp at different irradiance levels, 

(b) mpp at different temperatures 
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B. DC-DC Converter 

In PV–battery systems, a DC–DC converter is commonly 
employed to regulate the voltage and current delivered from 
the PV array to the energy storage element [19]. Among the 
various topologies available, the buck converter is widely 
preferred for its simplicity, high efficiency, and compatibility 
with battery charging applications where the PV voltage 
typically exceeds the battery voltage. A buck converter 
comprises a controlled switch (MOSFET or IGBT), a diode, 
an inductor, and an output capacitor. By varying the switch's 
duty cycle, the converter reduces the input voltage to a 
desired lower output voltage. The ideal voltage conversion 
ratio is expressed as: 

𝑉0 = 𝐷⁡. 𝑉𝑠  (4) 

Where𝑉
0
 is the output voltage, 𝑉

𝑠
 is the input (PV) voltage, 

and 𝐷  is the duty cycle of the switching signal, with 0 ≤

𝐷 ≤ 1  [20] 

 The average output current can similarly be expressed as: 

𝐼0 =
𝐼𝑠

𝐷
                     (5) 

Where 𝐼
𝑠

 denotes the input current. Under continuous 

conduction mode (CCM), the inductor current remains above 

zero at all times, and the behavior of the converter is 

governed by the following dynamic equations 

𝐿
𝑑𝑖𝐿

𝑑𝑡
= 𝑉s𝐷 − 𝑉0 (6) 

C
dV0 

dt
= iL-

V0

Rload 
  (7) 

Where𝐿is the inductor value, 𝐶is the output capacitor, and 

𝑅𝑙𝑜𝑎𝑑is the equivalent resistance of the load (or battery input) 

When integrated into a PV system, the buck converter 

additionally serves as the interface for MPPT algorithms. 

The duty cycle D is continuously adjusted by the MPPT 

controller (e.g., P&O or fuzzy logic) to keep the PV array 

operating at its maximum power point. Consequently, the 

converter's switching behavior directly influences both 

power transfer efficiency and dynamic response. Modern 

implementations also account for non-idealities such as 

switch voltage drops, diode reverse recovery, and parasitic 

resistances, which slightly alter the ideal transfer function. 

Nevertheless, for most MPPT control simulations, the ideal 

buck model offers sufficient accuracy. 

 

Fig. 4. DC-DC Buck Converter circuit diagram with load 

C. Lithium-Ion Battery 

Lithium-ion batteries (LIBs) have become the preferred 

option for photovoltaic (PV) energy storage systems, thanks 

to their high energy density, low self-discharge rate, and 

extended cycle life relative to lead-acid and nickel-based 

alternatives [21]. In PV applications, the battery not only 

stores surplus energy but also helps stabilize system 

operation during fluctuations in irradiance and changes in 

load. The most widely adopted mathematical representation 

of a lithium-ion cell is the Thevenin-based equivalent circuit 

model (Figure 5). This model typically comprises an open-

circuit voltage (OCV) source, an internal resistance R0, and 

one or more RC networks designed to capture transient 

behavior [4]. 

 

Fig. 5. Thevenin circuit diagram of lithium-ion battery cell 

𝑉𝑏𝑎𝑡 = 𝑉𝑂𝐶(𝑆𝑂𝐶) − 𝐼𝑏𝑎𝑡𝑅0 − ∑  𝑛
𝑖=1 𝑉𝑅𝐶,𝑖(8) 

Where: 

 𝑉𝑏𝑎𝑡 is the terminal voltage, 

 𝑉𝑂𝐶(𝑆𝑂𝐶) is the open-circuit voltage as a function 
of the state of charge (SOC), 

 𝐼𝑏𝑎𝑡 is the battery current (positive during discharge, 
negative during charge), 

 𝑅0 is the ohmic resistance, 

 𝑉𝑅𝐶,𝑖 represents the voltage drop across each RC 

pair. 

This model strikes a balance between accuracy and 
simplicity, rendering it well-suited for real-time simulation 
and control applications [22]. 

SOC is a key indicator of battery health and available 
capacity, typically defined as: 

𝑆𝑂𝐶(𝑡) = 𝑆𝑂𝐶(0) −
1

𝐶𝑛𝑜𝑚
∫  
𝑡

0
𝐼𝑏𝑎𝑡(𝜏)𝑑𝜏 (9) 

Where𝐶𝑛𝑜𝑚 is the nominal battery capacity (Ah). SOC 
estimation is essential for energy management, since 
overcharging (>100% SOC) or deep discharging (<20% SOC) 
can significantly reduce the lifespan of lithium-ion batteries 
[23]. The OCV is a nonlinear function of SOC, often 
obtained experimentally through charge–discharge tests. For 
lithium-ion batteries, the OCV curve is relatively flat in the 
mid-SOC range (30–80%) but becomes steep at low and high 
SOC levels, which complicates accurate SOC estimation [24]. 

An empirical relationship can be expressed as: 

𝑉𝑂𝐶(𝑆𝑂𝐶) = 𝑎0 + 𝑎1𝑆𝑂𝐶 + 𝑎2𝑆𝑂𝐶
2 + 𝑎3𝑆𝑂𝐶

3(10) 
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Where coefficients 𝑎𝑖 are determined through curve fitting 

[25]. Over repeated charge–discharge cycles, lithium-ion 

batteries undergo capacity degradation and an increase in 

internal resistance, driven by factors such as temperature, 

charge and discharge currents (C-rate), and depth of 

discharge. Round-trip efficiency typically ranges between 

90–95%, depending on operating conditions. While aging 

models can be integrated for long-term studies, in most 

MPPT and charging simulations a first-order ECM with SOC 

dynamics is sufficient. 

IV. CONTROL STRATEGIES 

A. Perturb and Observe (P&O) MPPT 

The Perturb and Observe (P&O) algorithm ranks among 
the most commonly employed maximum power point 
tracking (MPPT) techniques, largely due to its 
straightforward implementation and minimal computational 
demands. Its operating principle involves introducing a small 
perturbation to the operating voltage (or the duty cycle of the 
DC-DC converter) and then observing the resulting change 
in the PV module's output power. If the power increases 
following the perturbation, the operating point continues to 
be moved in the same direction; if the power decreases, the 
direction is reversed [26]. The resulting change in PV power 
can be expressed as : 

∆𝑃 = 𝑃(𝑘) − 𝑃(𝑘 − 1)  (11) 

With𝑘 being the iteration index. The decision logic is 

summarized as follows [27] 

 If Δ𝑃 > 0and Δ𝑉 > 0→ increase duty cycle. 

 If Δ𝑃 > 0and Δ𝑉 < 0→ decrease duty cycle. 

 If Δ𝑃 < 0and Δ𝑉 > 0→ decrease duty cycle. 

 If Δ𝑃 < 0and Δ𝑉 < 0→ increase duty cycle. 

Through this iterative process, the PV system is driven 
toward the maximum power point (MPP). Figure 6 presents a 
typical block diagram of the P&O algorithm. 

 

Fig. 6. MPPT Perturb and Observe block diagram 

Despite its straightforward nature, the P&O method 
suffers from two main drawbacks: steady-state oscillations 

around the MPP and a relatively slow dynamic response 
when irradiance changes. These limitations motivate the use 
of enhanced strategies such as multi-stage charging and 
artificial intelligence–based controllers, which are discussed 
in the following sections. 

B. Multi-Stage Charging 

Lithium-ion batteries demand carefully controlled 
charging strategies to guarantee safety, prolong cycle life, 
and maximize performance [23]. A multi-stage charging 
profile is commonly employed, comprising constant current 
(CC), constant voltage (CV), and trickle or discharge-
balancing phases. 

Constant Current (CC) Stage: During the initial stage, the 

battery is charged using a constant current IchIch, causing 

the voltage to rise steadily until it hits the preset cut-off 

voltage VCVVCV. This stage is described by the following 

governing equation:: 

𝑉𝑏(𝑡) = 𝑉𝑜𝑐(𝑆𝑂𝐶) + 𝑅𝑖𝑛𝑡 . 𝐼𝑐ℎ  (12) 

Where𝑉𝑜𝑐(𝑆𝑂𝐶) is the open-circuit voltage as a function of 

state of charge (SOC), and 𝑅𝑖𝑛𝑡 is the internal resistance of 

the cell [28] 

1) Constant Voltage (CV) Stage: Once the terminal 

voltage reaches 𝑉𝐶𝑉, the charging mode switches to constant 

voltage. The current then decreases exponentially as the 

battery approaches full charge: 

𝐼𝑏(𝑡) = 𝐼0. 𝑒
−𝑡/𝜏  (13) 

Where𝐼0 is the initial current at the beginning of CV stage, 

and 𝜏is the time constant determined by cell chemistry [29]. 

2) Trickle/Equalization Stage:In some applications, a 

final balancing or trickle charge stage is applied to ensure all 

cells in the pack reach uniform SOC. This is particularly 

important in series-connected packs to prevent capacity 

mismatch [30]. 

C. Fuzzy Logic–Based MPPT 

Fuzzy logic control (FLC) has been widely adopted in 
renewable energy systems due to its ability to handle 
nonlinearities, parameter uncertainties, and noisy 
measurements without requiring an exact mathematical 
model [31].  
Unlike conventional P&O, which relies on fixed-step 

perturbations, fuzzy logic enables dynamic adaptation of 

control actions, thereby reducing oscillations around the 

maximum power point (MPP) and enhancing transient 

performance. A typical fuzzy logic-based MPPT system 

comprises three stages: fuzzification, an inference engine, 

and defuzzification [32]. 

During the fuzzification stage, input variables—typically the 

change in PV power (ΔP) and the change in PV voltage 

(ΔV)—are converted into linguistic variables such as 

Negative Big (NB), Negative Small (NS), Zero (ZE), 

Positive Small (PS), and Positive Big (PB) using 

membership functions. For instance: 

∆𝑃 = 𝑃(𝑘) − 𝑃(𝑘 − 1), ∆𝑉 = 𝑉(𝑘) − 𝑉(𝑘 − 1)(14) 

Inference Engine is A set of IF–THEN rules govern the 
control action. An example rule is: 

IF (ΔP is PB) AND (ΔV is NS) THEN (Duty cycle is ZE). 
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While in defuzzification, the fuzzy output (change in 

duty cycle, ΔD ) is converted into a crisp value using 
methods like the centroid method: 

∆𝐷 =
∑ 𝜇𝑖.𝑑𝑖𝑖

∑ 𝜇𝑖𝑖
   (15) 

Where 𝜇𝑖  is the membership degree and 𝑑𝑖  is the 
corresponding output value. 

Several studies have shown that fuzzy logic–based MPPT 
improves both tracking efficiency and system stability 
compared to conventional methods.  

V. RESULTS AND DISCUSSION 

A. Simulation Setup 

The proposed photovoltaic system with battery storage 
was implemented in MATLAB/Simulink to assess the 
performance of both the conventional Perturb and Observe 
(P&O) algorithm and the proposed fuzzy logic–based MPPT 
controller. The PV array comprises 300 W modules arranged 
in a 4-series, 2-parallel configuration, connected to a DC-DC 
buck converter operating at a switching frequency of 1000 
Hz. The complete PV panel, battery, and buck converter 
parameters are listed in Tables I–III. 

TABLE I.  PV MODULE SPECIFICATIONS 

Parameter Value 

Cells per module 72 

Maximum Power (𝑃𝑚𝑎𝑥 ) 300 W 

Open Circuit Voltage (𝑉𝑜𝑐) 44.4 V 

Short Circuit Current (𝐼𝑠𝑐) 8.9 A 

Nominal Voltage (𝑉𝑚𝑝𝑝) 36 V 

Nominal Current (𝐼𝑚𝑝𝑝) 8.33 A 

TABLE II.  LITHIUM-ION BATTERY SPECIFICATIONS 

Parameter Value 

Nominal Voltage 48 V 

Capacity 100 Ah 

Initial SOC 50 % 

Maximum Voltage 55.87 V 

Minimum Voltage 36 V 

TABLE III.  BUCK CONVERTER PARAMETERS 

Parameter Value 

Inductor (L) 8.04 mH 

Capacitor (C) 330 µF 

Switching Frequency 1000 Hz 

Duty Cycle Range 0.4 - 0.6 

To ensure a rigorous comparative evaluation, a 
continuous simulation horizon of 50 seconds wasconsidered. 
Due to the heavy computational load of the high-frequency 
switching model, this duration effectively corresponds to 
several minutes of real system operation. Crucially, rather 
than relying solely on steady-state conditions, the system was 

subjected to dynamic step-changes and ramp-variations in 
solar irradiance. Both controllers were evaluated under these 
identical dynamic profiles to allow for an accurate, fair 
comparison of transient tracking speeds, steady-state ripples, 
and overall battery State of Charge (SOC) progression. 

For the fuzzy approach, a Mamdani-type Fuzzy Inference 
System (FIS) was developed to process the change in PV 
power (dPpv) and voltage (dVpv) and generate the 
corresponding duty cycle adjustment (ΔD). To ensure 
reproducibility, the parameters of the fuzzy logic controller 
(FLC) are explicitly defined: the input ranges are set to 
[−30,30][−30,30] for dPpv and [−16.1,16.1][−16.1,16.1] for 
dVpv, while the output is symmetrically bounded within 
[−16.1,16.1][−16.1,16.1]. Five linguistic variables—
Negative Big (NB), Negative Small (NS), Zero (ZE), 
Positive Small (PS), and Positive Big (PB)—are employed 
using standard triangular membership functions (trimf) to 
map the inputs to a rule base consisting of 25 control rules, 
as illustrated in Figures (7–8) and summarized in Table IV. 
Finally, the Center of Gravity (Centroid) method is applied 
for defuzzification, converting the fuzzy output into a 
continuous control signal. 

 

Fig. 7. Membership functions of input variables 

 

Fig. 8. Membership functions of output variable 

TABLE IV.  PROPOSED  FUZZY CONTROL RULES 

dPpv \ dVpv NB NS ZE PS PB 

NB PS PB NB NB NS 

NS PS PS NS NS NS 

ZE ZE ZE ZE ZE ZE 

PS NS NS PS PS PS 

PB NS NB PB PB PS 



Zakaria Tabet al. 

17 

 

B. Performance Metrics 

To compare the controllers, the following indices were used: 

 Tracking Efficiency (𝜂
𝑀𝑃𝑃𝑇

) 

𝜂𝑀𝑃𝑃𝑇 =
𝑃𝑡𝑟𝑎𝑐𝑘𝑒𝑑

𝑃𝑚𝑝𝑝
× 100  (16) 

 SOC Progression: battery charging progress during 
the simulation window. 

 Oscillation Behaviour: quantified by the ripple in 
charging current and voltage. 

 Charging Time Reduction (hypothetical long-term 
projection): 

%𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 =
𝑇𝑃&𝑂−𝑇𝐹𝑢𝑧𝑧𝑦

𝑇𝑃&𝑂
× 100  (17) 

C. Simulation Results 

To assess the dynamic tracking performance of the 
proposed MPPT control strategies, a highly fluctuating solar 
irradiance profile was applied to the PV array, as shown in 
Figure (9). The figure displays both the programmed 
reference sequence (a) and the actual measured irradiance at 
the PV array input (b), accounting for the physical dynamics 
of the simulation environment. This profile includes sudden 
step drops and gradual ramps to simulate fast-moving cloud 
cover and slow shading. This irradiance variation serves as 
the direct cause for the dynamic fluctuations observed in the 
system's subsequent power, voltage, and current responses. 

 

Fig. 9. Dynamic solar irradiation profile applied to the PV system 

 

Fig. 10. PV power signal showing oscillations for (a) P&O controller, and less for (b) FLC controller 

1) PV Power Response: Figure (10) illustrates the PV 

power tracking response under both the P&O and fuzzy 

logic MPPT control strategies. Although both methods share 

a similar theoretical maximum power target, a close 

examination of the waveforms reveals substantial 

differences in steady-state stability and transient tracking 

behavior. The conventional P&O method displays persistent 

and pronounced power oscillations around the maximum 

power point (MPP)—a well-known limitation arising from 

its fixed-step perturbation logic. By contrast, the proposed 

fuzzy logic MPPT dynamically modulates the duty cycle 

based on the dPpv and dVpv inputs, leading to a noticeable 

and significant reduction in these steady-state oscillations. 

Furthermore, during dynamic irradiance variations, the 

fuzzy controller achieves a markedly faster transient settling 

response without overshooting, compared to the delayed 

response of the P&O algorithm. This suppression of 

oscillatory behavior directly minimizes the dynamic power 

losses inherent to continuous P&O perturbations, ensuring a 

highly stable, efficient, and sustained power delivery to the 

battery system. 

2) Duty Cycle Dynamics: Figure (11) compares the 

control effort specifically the duty cycle (ΔD) responses 

generated by both the P&O and fuzzy logic controllers. The 

conventional P&O algorithm produces a continuous, 

triangular tracking trajectory, which is a direct manifestation 

of its constant-step perturbation mechanism perpetually 

searching around the MPP. In contrast, the fuzzy logic 

controller generates a more discrete, step-like waveform 

characterized by sharper transient transitions. This behavior 

reflects the rapid, non-linear mapping of the fuzzy inference 

system as it aggressively scales the duty cycle step size in 

response to the dynamic dPpv and dVpv inputs. While these 

instantaneous control transitions can introduce higher 

switching activity in the DC-DC buck converterpotentially 

increasing localized electromagnetic interference (EMI) this 

(b) 

Oscillations 
(a) 
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represents a necessary control trade-off. The key benefit of 

this aggressive, rule-based tuning is that the fuzzy controller 

quickly drives the system to the optimal operating point and 

then promptly stabilizes the duty cycle. This behavior 

entirely removes the continuous steady-state oscillation 

characteristic of the P&O method, resulting in substantially 

enhanced steady-state accuracy 

 

 
Fig. 11. Duty cycle signal showing smooth signal for (a) P&O controller, 

and step-like signal for (b) FLC controller 

3) Battery SOC, Current and Voltage: Figures (12-13) 

present the charging behavior of the battery. Under P&O 

control, the battery current shows pronounced oscillations, 

with ripple reflected in the voltage profile as well. This 

oscillatory behavior not only reduces charging efficiency 

but also introduces additional electrical stress on the battery 

and converter components. In contrast, the fuzzy controller 

yielded a smoother charging process. Both current and 

voltage curves show significantly reduced ripple, indicating 

more stable charging conditions. This difference is a key 

advantage of fuzzy control, particularly for battery life 

extension and system reliability. Furthermore, by utilizing a 

50s simulation horizon to capture the accumulated energy 

transfer, a distinct difference in the State of Charge (SOC) 

progression (ΔSOC) was observed. Under P&O control, the 

battery SOC increased from 50% to 50.33%. Conversely, 

the proposed fuzzy controller achieved a higher charging 

rate, increasing the SOC from 50% to 50.40%. This 

quantifiable increase in accumulated charge, combined with 

the smoother current and voltage delivery, confirms that the 

fuzzy controller provides superior charging quality, 

minimizes hardware wear, and maximizes overall long-term 

energy efficiency. 

 
Fig. 12. Battery charging SOC, current and voltage under P&O MPPT showing significant oscillations. 

 

Fig. 13. Battery charging SOC, current and voltage under fuzzy MPPT with reduced ripple.

Oscillations 

Oscillations 

(b) 

(a) 



Zakaria Tabet al. 

19 

 

D. Comparative Analysis 

The results demonstrate that although both methods 
extract similar PV power, the fuzzy controller ensures higher 
charging quality by reducing oscillations in both current and 
voltage. This has two major implications: 

 Efficiency: smoother duty cycle transitions 
minimize unnecessary switching losses. 

 Battery Health: reduced current ripple decreases 
thermal and electrochemical stress on the cells, 
extending battery life. 

 Table V shows the batterychargingbehaviorwhenusing 
the MPPT P&O and fuzzy MPPT algorithms. Table VI 
compares the performance 
metricsobtainedwiththesetwoalgorithms. 

TABLE V.  BATTERY CHARGING BEHAVIOR 

Controller Initial SOC (%) Final SOC (%) ΔSOC (%) 

P&O MPPT 50.00 50.33 +0.33 

Fuzzy MPPT 50.00 50.40 +0.40 

TABLE VI.  COMPARATIVE PERFORMANCE METRICS 

Metric P&O MPPT Fuzzy MPPT 

Tracking Efficiency (%) ~96 ~97.5 

SOC Progression (%) 0.33 0.40 

Battery Current Oscillation 

(App) 
High (~1–2 A) Low (~0.3–0.5 A) 

Battery Voltage 

Oscillation (Vpp) 
Noticeable (~1 V) Minimal (~0.2 V) 

PV Power Oscillation 

(Wpp) 
Noticeable Significantly lower 

Duty Cycle Ripple (%) Low (smooth) High (step-like) 

VI. CONCLUSION 

This study presented a comparative analysis between a 

conventional Perturb and Observe (P&O) MPPT algorithm 

combined with a multi-stage charging controller and an AI-

enhanced fuzzy logic MPPT integrated with the same 

charging strategy. The evaluation focused on battery 

voltage, current, and state of charge (SOC) under identical 

operating conditions. 

The findings revealed clear quantitative and qualitative 

advantages for the proposed AI-enhanced approach. Over an 

extended simulation period, notable differences in energy 

harvesting emerged: the fuzzy logic MPPT achieved a 

higher SOC increase (ΔSOC = 0.40%) compared to the 

conventional P&O method (ΔSOC = 0.33%). Moreover, the 

fuzzy logic MPPT successfully eliminated the steady-state 

oscillations in battery current and voltage that were 

observed with the P&O method. This stable, oscillation-free 

tracking directly translates into smoother charging behavior, 

reduced electrical and thermal stress on the battery cells, and 

consequently, an extended expected battery lifespan. 

However, these benefits come at the expense of increased 

computational load and control complexity, highlighting an 

important trade-off for system designers to consider. 
While the scientific contributions of this study are 

currently established through a simulation framework, this 

methodology was essential to safely isolate and quantify the 
high-frequency electro-thermal stress proxies (voltage and 
current ripples) without risking irreversible degradation to 
physical lithium-ion cells. Overall, the study confirms that 
fuzzy logic–based MPPT provides superior control 
performance over the traditional P&O method, proving that 
AI-based control strategies hold strong potential for 
advancing renewable energy storage systems where long-
term battery reliability is paramount. To bridge the divide 
between simulation and practical implementation, future 
work will focus on Hardware-in-the-Loop (HIL) testing [33] 
and experimental validation to confirm the observed 
advantages in real-world settings, alongside investigating 
hybrid optimization approaches including Particle Swarm 
Optimization (PSO) and Artificial Neural Networks (ANN). 

ACKNOWLEDGMENT 

Financial support for this work was provided by the 

CAOSEE Laboratory (Command, Analysis, and 

Optimization of Electro-Energetic Systems) at the 

University of Tahri Mohamed, Bechar 80000, Algeria. The 

research project received approval from Algeria's Ministry 

of Higher Education and Scientific Research under the 

PRFU program (Projet de Recherche Formation 

Universitaire), with reference number 

N°A26N01UN080120230002, commencing on 1 January 

2023. 

REFERENCES 

[1] Boubaker, O., “MPPT techniques for photovoltaic systems: a 
systematic review in current trends and recent advances in artificial 
intelligence”. Discov Energy, Vol. 3, Art. Numb. 9, 2023. 
https://doi.org/10.1007/s43937-023-00024-2 

[2] Swain, N., Performance Comparison of P&O and Fuzzy Logic-Based 
MPPT Control Technique for Stand-Alone Photovoltaic System. In: 
Chong, P.H.J., Kalam, A., Pascoal, A., Bera, M.K. (eds) Emerging 
Electronics and Automation. Lecture Notes in Electrical Engineering, 
vol 937. Springer, Singapore, 2022 https://doi.org/10.1007/978-981-
19-4300-3_12 

[3] Et-Torabi, Karima &Barakat, Souhail& N'Hili, Badr &Mesbahi, 
Abdelouahed&Nouaiti, Ayoub. (2025). Hybrid MPPT technique 
using fuzzy logic and P&O of solar power system. International 
Journal of Power Electronics and Drive Systems (IJPEDS). Vol.16, 
N° 2, pp. 1061~1069.  http://doi.org/10.11591/ijpeds.v16.i2.pp1061-
1069 

[4] He H, Xiong R, Fan J. “Evaluation of Lithium-Ion Battery Equivalent 
Circuit Models for State of Charge Estimation by an Experimental 
Approach”. Energies. Vol. 4, N° 4, 2011, pp:582-598. 
https://doi.org/10.3390/en4040582  

[5] D. Muñoz-Torrero, E. García-Quismondo, E. Ventosa, M. 
Prodanovic, and J. Palma, “On the degradation of lithium-ion 
batteries over a current ripple effect,” in ElectrochimicaActa, Vol 
530, p. 146326, 2025, doi: 
https://doi.org/10.1016/j.electacta.2025.146326. 

[6] J. Oehl, A. Gleiter, D. Manka, A. Fill, and K. P. Birke, “Experimental 
investigation of the impact of high-frequency alternating current on 
heating a Li-ion cell at subzero temperatures and its effect on 
lifetime,” in Future Batteries, Vol. 5, p. 100036,  2025, ISSN 2950-
2640, doi: https://doi.org/10.1016/j.fub.2025.100036. 

[7] J. Hu, B. H. Lim, X. Tian, K. Wang, D. Xu, F. Zhang, and Y. Zhang, 
“A Comprehensive Review of Artificial Intelligence Applications in 
the Photovoltaic Systems,” in CAAI Artificial Intelligence Research, 
vol. 3, p. 9150031-91500311, 2024, doi: 
10.26599/AIR.2024.9150031. 

[8] ManariOtmane, ZaziMalika, and ChtoukiIhssane. 2017. Maximum 
power point tracking using fuzzy logic based controllers compared to 
P&O technique in photovoltaic generator. In Proceedings of the 2017 
International Conference on Smart Digital Environment (ICSDE '17). 



AI-Enhanced Maximum Power Point Tracking for PV–Battery Systems: Modeling, Simulation, and Comparative 

Analysis 

 

20 

 

Association for Computing Machinery, New York, NY, USA, 134–
139. https://doi.org/10.1145/3128128.3128149 

[9] Bhuyan, R., Das, S., Deori, P., Ahmad, A. (2024). Performance 
Analysis of Fuzzy Logic with P&O MPPT for Grid-Connected Solar 
PV System Under Varying Solar Irradiance. In: Gabbouj, M., Pandey, 
S.S., Garg, H.K., Hazra, R.(eds) Emerging Electronics and 
Automation. E2A 2022. Lecture Notes in Electrical Engineering, vol 
1088. Springer, Singapore. https://doi.org/10.1007/978-981-99-6855-
8_30 

[10] Cheng P-C, Peng B-R, Liu Y-H, Cheng Y-S, Huang J-W. 
Optimization of a Fuzzy-Logic-Control-Based MPPT Algorithm 
Using the Particle Swarm Optimization Technique. Energies. 2015; 
Vol. 8, N° 6, pp:5338-5360. https://doi.org/10.3390/en8065338 

[11] M. Yahiaoui et al., “A comparative analysis of recent MPPT 
algorithms (P&O, INC, FLC) for PV systems,” Journal of Robotics 
and Control, vol. 6, no. 4, 2023. 

[12] M. Z.-E. Masry et al., “New hybrid MPPT technique including 
artificial intelligence and traditional techniques for extracting the 
global maximum power from partially shaded PV systems,” 
Sustainability, vol. 15, no. 14, p. 10884, 2023. 

[13] Goshtasbi, A et al., “Enhanced equivalent circuit model for high 
current discharge of lithium-ion batteries with application to electric 
vertical takeoff and landing aircraft”. Journal of Power Sources, Vol. 
620, Art. Numb. 235188, 2024. 
https://doi.org/10.1016/j.jpowsour.2024.235188 

[14] A. Luque and S. Hegedus, “Handbook of Photovoltaic Science and 
Engineering”, 2nd ed., Wiley, 2011. 

[15] M. G. Villalva, J. R. Gazoli and E. R. Filho, "Comprehensive 
Approach to Modeling and Simulation of Photovoltaic Arrays," in 
IEEE Transactions on Power Electronics, vol. 24, no. 5, pp. 1198-
1208, May 2009, doi: 10.1109/TPEL.2009.2013862. 

[16] Rusirawan, Dani&Farkas, I., Identification of Model Parameters of 
the Photovoltaic Solar Cells, Energy Procedia, Vol. 57, 2014, Pages 
39-46, https://doi.org/10.1016/j.egypro.2014.10.006 

[17] MostaphaOulcaid, Hassan El Fadil, Leila Ammeh, AbdelhafidYahya, 
FouadGiri, Parameter extraction of photovoltaic cell and module: 
Analysis and discussion of various combinations and test cases, 
Sustainable Energy Technologies and Assessments, Volume 40, 2020, 
Art. Numb. 100736, ISSN 2213-1388, 
https://doi.org/10.1016/j.seta.2020.100736. 

[18] Louis Katche, Musong&Makokha, Augustine & Zachary, 
Siagi&Adaramola, Muyiwa. (2023). “A Comprehensive Review of 
Maximum Power Point Tracking (MPPT) Techniques Used in Solar 
PV Systems”. Energies, Vol. 16, no. 5: 2206. 
https://doi.org/10.3390/en16052206 

[19] Ned Mohan, Tore M. Undeland, William P. Robbins, Power 
Electronics: Converters, Applications, and Design, 3rd ed., Wiley, 
October 2002, pp 61-99. ISBN: 978-0-471-22693-2 

[20] Robert W. Erickson , DraganMaksimović, Fundamentals of Power 
Electronics, 3rd ed. Springer, 2020 

[21] C. Arbizzani, F. De Giorgio, M. Mastragostino, “4 - Battery 
parameters for hybrid electric vehicles”, Editor(s): Bruno Scrosati, 
Jürgen Garche, Werner Tillmetz, In Woodhead Publishing Series in 
Energy, “Advances in Battery Technologies for Electric Vehicles”, 

Woodhead Publishing, 2015, Pages 55-72, ISBN 9781782423775, 
https://doi.org/10.1016/B978-1-78242-377-5.00004-2. 

[22] M. Chen and G. A. Rincon-Mora, "Accurate electrical battery model 
capable of predicting runtime and I-V performance," in IEEE 
Transactions on Energy Conversion, vol. 21, no. 2, pp. 504-511, June 
2006, doi: 10.1109/TEC.2006.874229. 

[23] Anthony Barré, Benjamin Deguilhem, SébastienGrolleau, Mathias 
Gérard, FrédéricSuard, DelphineRiu, A review on lithium-ion battery 
ageing mechanisms and estimations for automotive applications, 
Journal of Power Sources, Volume 241, 2013, Pages 680-689, ISSN 
0378-7753, https://doi.org/10.1016/j.jpowsour.2013.05.040. 

[24] Gregory L. Plett, Extended Kalman filtering for battery management 
systems of LiPB-based HEV battery packs: Part 2. Modeling and 
identification, Journal of Power Sources, Volume 134, Issue 2, 2004, 
Pages 262-276, ISSN 0378-7753, 
https://doi.org/10.1016/j.jpowsour.2004.02.032. 

[25] Kong Soon Ng, Chin-Sien Moo, Yi-Ping Chen, Yao-Ching Hsieh, 
Enhanced coulomb counting method for estimating state-of-charge 
and state-of-health of lithium-ion batteries, Applied Energy, Volume 
86, Issue 9, 2009, Pages 1506-1511, ISSN 0306-2619, 
https://doi.org/10.1016/j.apenergy.2008.11.021. 

[26] N. Femia, G. Petrone, G. Spagnuolo and M. Vitelli, "Optimization of 
perturb and observe maximum power point tracking method," in 
IEEE Transactions on Power Electronics, vol. 20, no. 4, pp. 963-973, 
July 2005, doi: 10.1109/TPEL.2005.850975. 

[27] R. Faranda and S. Leva, “Energy comparison of MPPT techniques for 
PV Systems,” WSEAS Transactions on Power Systems, vol. 3, no. 6, 
pp. 446–455, June 2008. 

[28] Jingliang Zhang, Jay Lee, A review on prognostics and health 
monitoring of Li-ion battery, Journal of Power Sources, Volume 196, 
Issue 15, 2011, Pages 6007-6014, ISSN 0378-7753, 
https://doi.org/10.1016/j.jpowsour.2011.03.101. 

[29] D. Anseán, M. González, J.C. Viera, V.M. García, C. Blanco, M. 
Valledor, “Fast charging technique for high power lithium iron 
phosphate batteries: A cycle life analysis”, Journal of Power Sources, 
Vol. 239. 2013, Pp. 9–15. 
https://doi.org/10.1016/j.jpowsour.2013.03.044. 

[30] H. Rahimi-Eichi, U. Ojha, F. Baronti and M. -Y. Chow, "Battery 
Management System: An Overview of Its Application in the Smart 
Grid and Electric Vehicles," in IEEE Industrial Electronics Magazine, 
vol. 7, no. 2, pp. 4-16, June 2013, doi: 10.1109/MIE.2013.2250351. 

[31] M. Veerachary, T. Senjyu and K. Uezato, "Neural-network-based 
maximum-power-point tracking of coupled-inductor interleaved-
boost-converter-supplied PV system using fuzzy controller," in IEEE 
Transactions on Industrial Electronics, vol. 50, no. 4, pp. 749-758, 
Aug. 2003, doi: 10.1109/TIE.2003.814762. 

[32] H. Patel and V. Agarwal, "Maximum Power Point Tracking Scheme 
for PV Systems Operating Under Partially Shaded Conditions," in 
IEEE Transactions on Industrial Electronics, vol. 55, no. 4, pp. 1689-
1698, April 2008, doi: 10.1109/TIE.2008.917118. 

[33] Singh, S., Bansal, H.O., “Hardware-in-loop implementation of an 
adaptive MPPT controlled PV-assisted EV charging system with 
vehicle-to-grid integration,” in Scientific Reports, vol. 15, p. 28565, 
2025, doi:  https://doi.org/10.1038/s41598-025-12508-3

 


