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ABSTRACT

Maximum power point tracking (MPPT) is essential for maximizing energy extraction
from photovoltaic (PV) systems under varying irradiance, temperature, and partial-
shading conditions. This simulation-based quantitative study presents a fuzzy-logic-
supervised hybrid MPPT controller that dynamically switches among Incremental
Conductance (INC), Ant Colony Optimization (ACO), and Grey Wolf Optimization
(GWO). The controller was implemented in MATLAB/Simulink using a 50-W PV module
and a boost converter and compared with standalone INC, ACO, and GWO under
dynamic irradiance, temperature variation, and the specified partial-shading condition.
Performance metrics included MPPT efficiency, settling time, steady-state oscillation
index, tracking error, and simulated energy harvested over the test interval. The
proposed controller achieved a reported mean MPPT efficiency of 99.5% (versus 97.8%
for INC, 98.2% for ACO, and 98.9% for GWO) and the lowest oscillation index of 0.18%
(versus 3.2%, 1.8%, and 1.5%, respectively). Under the specified partial-shading
condition it reached 99.46% tracking efficiency. Over the 40-s combined irradiance—
temperature simulation, it produced a reported 3.1% increase in simulated energy
harvested relative to INC and 1.6% relative to GWO. Although INC recorded the
shortest settling time (0.14 s), the proposed controller settled in 0.18 s while providing
higher reported efficiency and lower oscillation. These findings are limited to the
simulated scenarios; experimental, hardware-in-the-loop, repeated stochastic-run, and
computational-cost validation were not established in the supplied study.

Keywords: Photovoltaic system; maximum power point tracking; incremental
conductance; ant colony optimization; grey wolf optimization; fuzzy logic; partial
shading; boost converter; adaptive control.

INTRODUCTION

Photovoltaic (PV) systems are an increasingly important
component of renewable electricity generation owing to
their modularity, scalability, and suitability for distributed
and grid-connected applications. Because the electrical
characteristics of PV devices are nonlinear and vary with
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irradiance and temperature, the operating point that yields
maximum power is not fixed. Maximum power point
tracking (MPPT) is therefore a fundamental function of PV
power-conversion systems (Worku et al., 2023; Saxena et
al., 2024). Recent reviews confirm that MPPT remains an
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active research area, requiring simultaneous attention to
tracking accuracy, convergence speed, steady-state
oscillation, computational complexity, and adaptability
(Yang et al., 2024).

Under partial-shading conditions (PSC), nonuniform
irradiance produces multiple local maxima on the power—
voltage (P-V) characteristic, only one of which is the global
maximum power point (GMPP). Conventional local-search
algorithms can therefore converge to a suboptimal peak.
Reviews have identified global-peak identification,
transient performance, steady-state oscillation, algorithmic
complexity, and adaptability as persistent challenges
(Sharma & Jalil, 2024; Ali et al., 2025). Complex shading
patterns continue to expose the vulnerability of
conventional trackers (Siddique et al., 2025). Architectures
capable of distinguishing conditions that require local
refinement from those that require global exploration are
consequently needed.

Incremental Conductance (INC) remains attractive
because of its simple structure and its use of the
instantaneous-versus-incremental conductance
relationship. Performance, however, depends on step-size
selection: a small step reduces oscillation but slows
convergence, while a large step improves transient
response at the cost of greater steady-state ripple.
Comparative studies continue to classify INC among the
principal conventional methods while highlighting
differences relative to intelligent and metaheuristic
approaches (Ali et al., 2025). Adaptive-control research
has likewise retained INC as a foundation while adding
mechanisms to improve dynamic response (Hafez et al.,
2025). These limitations have motivated the use of global
optimization techniques.

Ant Colony Optimization (ACO) has been investigated
as a metaheuristic MPPT strategy because its population-
based search can explore alternative operating regions
and concentrate around higher-power locations. Phanden
et al. (2021) demonstrated a modified ACO-based MPPT
controller in  MATLAB/Simulink, and more recent
comparative work continues to include ACO among global-
search approaches under partial shading (Yousaf et al.,
2025). ACO nevertheless incurs a computational burden
when repeated global searches are performed after the
operating point has already stabilized, motivating
supervisory mechanisms that activate global optimization
only when necessary.

Grey Wolf Optimization (GWO) has attracted substantial
attention for global MPPT because its exploration—
exploitation mechanisms suit multimodal PV
characteristics. Alshareef (2024) demonstrated GWO-
based GMPP search under partial shading; Nagarathinam
et al. (2024) reported improved power extraction with a
Differential Grey Wolf approach; and Abdelmalek et al.
(2024) experimentally validated a hybrid Grey Wolf
Equilibrium Optimization strategy. These studies confirm
GWO'’s global-search capability while underscoring the
need to balance exploration, convergence speed,
computational cost, and steady-state stability. (Gundogdu
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etal., 2024). Fuzzy logic has been incorporated into MPPT
because it can represent nonlinear control relationships
without an exact analytical model of the operating
environment. Kumar and Balakrishna (2024) evaluated a
hybrid fuzzy-logic MPPT controller under partial shading;
Xia et al. (2024) combined ACO with fuzzy logic (Ant-
Fuzzy Optimization); Melhaoui et al. (2025) investigated a
hybrid fuzzy approach under dynamic conditions; and
Ortiz-Munoz et al. (2025) combined fuzzy logic with deep
deterministic policy gradient learning. Elnaghi et al. (2025)
further provided experimental validation of an adaptive
fuzzy controller on a dSPACE platform. Fuzzy supervision
can therefore adapt controller behaviour to operating
conditions, although its effectiveness depends on
membership-function design, the rule base, and
interaction with the underlying MPPT algorithms (Belghiti
etal., 2024).

Hybridization of conventional and metaheuristic
methods has become an important research direction
because the two classes possess complementary
strengths. Shetty and Sabhahit (2024) developed a GWO-
INC hybrid in which GWO performed broad search and
INC performed subsequent tracking. Yousaf et al. (2025)
compared ACO, GWO, Cuckoo Search, P&0O, PSO and a
hybrid PSO strategy, while Jamaludin et al. (2025)
proposed a hybrid salp-swarm algorithm for highly
fluctuating conditions. Wei and Li (2025), Gui et al. (2025)
and Chiu and Chen (2025) have likewise advanced
coordinated or specialized global-search strategies for
multi-peak P-V characteristics. The central design
question is therefore how different search mechanisms
should be coordinated so that global optimization is used
only when required. An intelligent supervisory mechanism
can assign different algorithms different operating roles
rather than executing them continuously. Such an
architecture can exploit the low computational burden of
INC under stable conditions while activating ACO or GWO
when large disturbances or partial shading increase the
likelihood of multiple maxima. Condition-dependent
coordination is supported by the Ant-Fuzzy work of Xia et
al. (2024), the fuzzy-assisted MPPT of Kumar and
Balakrishna (2024), and other adaptive studies (Elnaghi et
al., 2025).Despite these advances, the specific
coordination of INC, ACO and GWO as three alternative
operating modes under a single fuzzy supervisory
framework remains insufficiently explored.

Existing research has examined individual algorithms,
pairwise hybrids, or specialized metaheuristics (Shetty &
Sabhahit, 2024; Xia et al., 2024; Celikel et al., 2026; Chiu
& Chen, 2025; Gui et al., 2025), but not a three-mode
supervisory selection among INC, ACO and GWO.The
present study addresses this gap by treating INC, ACO
and GWO as complementary control modes. A fuzzy
supervisor evaluates real-time indicators of operating
condition and selects the most appropriate algorithm,
thereby realizing a fuzzy-supervised three-strategy MPPT
system. The central hypothesis is that condition-
dependent selection yields a more effective balance
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among tracking efficiency, dynamic response, steady-
state stability, global-peak identification and computational
demand than any single fixed strategy. The architecture is
implemented in MATLAB/Simulink with a 50 W PV module
and boost converter and is evaluated under irradiance,
temperature and partial-shading variations, consistent with
the broader movement toward adaptive and intelligent
MPPT systems (Rukhsar et al., 2025; Tyokighir et al.,
2025).

The principal contribution is therefore not the individual
use of INC, ACO, GWO or fuzzy logic—all established
techniques—but the development and evaluation of their
specific fuzzy-supervised coordination as a three-mode
adaptive MPPT architecture. The novelty claim is
specifically the condition-dependent selection among
three alternative operating modes, rather than a simple
sequential hybridization of two algorithms. Recent studies
provide close precedents: Shetty and Sabhahit (2024)
combine GWO with INC in a sequential global-
search/local-refinement structure; Xia et al. (2024)
combine ACO with fuzzy logic; and recent 2025-2026
studies continue to develop adaptive or hybrid global-
search strategies. The present architecture differs by
allowing fuzzy supervision to select among INC, ACO, and
GWO as alternative modes. A structured comparison of
representative recent studies is provided in Appendix B.

Aim and Objectives

Aim: To develop and evaluate, through controlled
MATLAB/Simulink simulation, a fuzzy-supervised MPPT
architecture that selects among INC, ACO, and GWO
according to changing PV operating conditions.

Objectives: (i) develop the fuzzy supervisor and its three-
mode selection mechanism; (i) implement INC, ACO, and
GWO as comparable standalone controllers and as
supervised operating modes; (iii) evaluate the controllers
under dynamic irradiance, the specified partial-shading
condition, and combined irradiance—temperature
disturbance; (iv) quantify MPPT efficiency, tracking error,
settling time, steady-state oscillation, and simulated
energy harvested; and (v) examine the observed switching

behaviour and identify the remaining validation
requirements for practical implementation.
Research question/hypothesis: Under the tested

simulation conditions, does condition-dependent fuzzy
selection among INC, ACO, and GWO provide a better
overall balance of tracking efficiency, global-peak
identification, settling response, and steady-state stability
than any of the three standalone controllers?

Materials and Methods
Research Design
This study used a controlled comparative computational

experiment based on MATLAB/Simulink simulation. The
simulation model/system under study was a 50-W
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photovoltaic source coupled to a DC-DC boost converter
and resistive load, evaluated with four controller
configurations: standalone INC, standalone ACO,
standalone GWO, and the proposed fuzzy-supervised
INC-ACO-GWO controller. The same principal PV and
converter parameters and disturbance profiles were used
for the four configurations to support a consistent
comparison. No human participants or field measurements
were involved. The evidence therefore represents
simulation performance under the defined test conditions
rather than experimental or field validation.

System Configuration and Control Architecture

A simulation-based investigation was conducted to
evaluate a fuzzy-supervised hybrid maximum power point
tracking (MPPT) controller for a photovoltaic (PV) energy-
conversion system. The proposed architecture integrates
three complementary MPPT strategies—Incremental
Conductance (INC), Ant Colony Optimization (ACO), and
Grey Wolf Optimization (GWO)—under the supervision of
a singleton-output fuzzy inference system (FIS). The fuzzy
supervisor determines the MPPT strategy to be activated
according to the instantaneous operating condition of the
PV system.

The simulated system comprises a 50-W Sunshine Solar
PV module, a unidirectional DC-DC boost converter, the
proposed supervisory MPPT controller, a pulse-width
modulation (PWM) unit, and a resistive load. PV voltage
and current are measured and used to calculate
instantaneous PV power and the operating-condition
indicators required by the fuzzy supervisor. The overall
control objective is to regulate the PV operating point
toward the available maximum power while maintaining
stable operation during irradiance, temperature, and
partial-shading disturbances. The controller was evaluated
as a simulation model/system; the supplied manuscript
does not identify a separate physical prototype or
experimental measurement campaign.

As shown in Figure 1, irradiance and temperature are
applied to the PV model, which produces the terminal
voltage and current. The measured electrical variables are
used to calculate PV power and its variation, while
changes in irradiance and the voltage deviation from the
estimated maximum-power-point voltage are supplied to
the fuzzy supervisor. The supervisor produces an
algorithm-selection signal S € {1,2,3}, corresponding to
INC, ACO, and GWO, respectively. The selected algorithm
supplies the active duty-cycle command, which is
constrained to the allowable range and converted into a
20-kHz PWM signal for the boost converter. The resulting
converter response changes the PV operating point,
closing the feedback loop.

Photovoltaic Module Model

A 50-W Sunshine Solar PV module was used as the
photovoltaic source. The principal electrical parameters
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Fuzzy-Supervised INC - ACO - GWO MPPT Simulink Model
(50 W Photovoltaic System with Boost Converter)
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Figure 1. MATLAB/Simulink implementation and control architecture of the proposed fuzzy-supervised INC-ACO-GWO MPPT system.

Table 1. Electrical parameters of the 50-W PV module used in the simulation.

Parameter

Value

Maximum power, Ppax

Voltage at maximum power, V,,
Current at maximum power, |,
Open-circuit voltage, V.
Short-circuit current, I,

50 W
19.32V
259 A
23.15V
278 A

Reference irradiance, G.e¢
Reference temperature, T.f

1000 W/m?
25°C

used in the model are presented in Table 1. The module
was represented using a single-diode equivalent model
incorporating photocurrent, diode saturation current,
series resistance, and shunt resistance. The
instantaneous PV output power was calculated from the
measured terminal voltage and current. The supplied
manuscript identifies the source as a Sunshine Solar 50-
W module but does not provide a model number or
manufacturer datasheet identifier; no model identity
beyond this description has been inferred. (Batzelis,
2017).

Ppy(k) = Vou(k) Ipv(k) (1)

Where P,, is the instantaneous PV power, V,, is the PV
terminal voltage, and I, is the PV terminal current.

Iy = Ipn = lo{exp[(Vov + IpvRs)/ (V)] — 1} —

(Vov + IpvR)/Ran (2)

Ve = kT/q (3)

Iph = [Isc + Ki(T — Tref)] (G/Gref) (4)

Is = Isc/ {exp[qVoc/(nkTrer)] — 1} (5)

Iy = Iis (T/Trep)® exp{ [qE?/(nk)](1/Tresf — 1/T)}  (6)
The symbols have their conventional meanings: k is the
Boltzmann constant, q is the elementary charge, n is the
diode ideality factor, R; and Ry, are the series and shunt
resistances, G is solar irradiance, T is cell temperature, K;
is the short-circuit-current temperature coefficient, E9is the
semiconductor band-gap energy, andlyis the diode
reverse-saturation current. At the rated operating point, the
module maximum power is obtained from Pnax = Vinplmp.
= Vip Imp = 19.32 x 259 =~ 50W (7)

Pmax

DC-DC Boost Converter

A unidirectional DC-DC boost converter operating in
continuous conduction mode (CCM) was used to interface
the PV module with the resistive load. The switching
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frequency was set to 20 kHz and the nominal output
voltage was 40 V. Under ideal steady-state CCM
operation, the relationship between PV input voltage,
output voltage, and duty cycle is given by:

Vo = Vp/(1 — D) (8)
D=1-"Vu/Vo (9
Dpom = 1 — 19.32/40 ~ 0.517 (10)

For the converter design, a target inductor-current ripple of
approximately 20% of the rated PV current was used. The
inductance was estimated from the CCM relationship and
a practical value of 1.5 mH was selected to provide
additional ripple margin.

Al = VyD/(Lfs) (1)
L = VyD/(ALfs) (12)
Al, = 0201, = 05184 (13)

With L = 1.5 mH, the calculated inductor-current ripple is
approximately 0.33 A. At the rated 50-W operating
condition, the nominal output current is 1.25 A. The
supplied manuscript does not document explicit ESR,
semiconductor conduction-loss, switching-loss, or other
parasitic models; the conclusions should therefore be
interpreted as idealized converter-level simulation results
rather than loss-inclusive hardware predictions.

I, = P,/V, = 50/40 = 1.254 (14)
AV, = 1,D/(Cofs) (15)

Co = IOD/(fSAVo) (16)

AVo=0.01Vo =04V (17)

o = 81 uF (theoretical minimum) (18)
L= Vo2/P, = 40%/50 = 3202 (19)

I 2

o 0O

The resulting boost-converter design parameters are
summarized in Table 2

Table 2. Boost-converter parameters used in the

simulation.
Converter parameter Value
PV rated power 50 W
PV operating voltage 19.32V
PV operating current 2.59 A

Converter output voltage 40V

Switching frequency 20 kHz
Nominal duty cycle 0.517

Inductor 1.5 mH
Input capacitor 470 uF
Output capacitor 470 puF
Nominal output current 1.25A
Equivalent load 32Q

Incremental Conductance MPPT

The Incremental Conductance (INC) algorithm determines
the maximum power point from the slope of the PV power—
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voltage characteristic. Since Py, = VI, differentiation
with respect to voltage gives:

dPyy/dVyy = Ipy + Vpu(dlp/dVpy)  (20)
dlyy/dVyy = —Ipy/Vye at the MPP  (21)
AV(k) = V(k) — Vk—1) (22)

Al(k) = I(k) — I(k—1) (23)

AIJAV = —I)V atthe MPP (24)

A variable duty-cycle step was employed so that larger
corrections are applied when the operating point is farther
from the MPP and smaller corrections are applied near the
optimum. The step size is bounded between 0.001 and
0.02, and the duty cycle is constrained to 0.10-0.80.

AD = ADmin + (ADmax — ADmin)|AP|/1AP|max  (25)
ADmin = 0.001, ADpay = 0.02  (26)
0.10 < D(k) < 0.80 (27)

The INC controller updates the MPPT decision every 1 ms,
while the boost converter operates at 20 kHz. (Figure 2)

[ Incremental Conductance (INC) MPPT Flowchart

-.{

Initialize parameters ’

AD, Dpiny Dipax, k =0
Measure V(k), I(k)
v
Compute incremental values
AV =V(k) - V(k-1)
Al =1I(k) = I(k-1)

Keep
D(k) (No change)

IfAI>0
D(k) = D(k) — AD
else
D(k) = D(k) + AD

Limit duty cycle
D(k) = max(Dpin, min(D(k), Dmax))
v
‘ Update previous values J

V(k—1) = V(k)
I(k — 1) = I(k)

Yes

Figure 2. Flowchart of the Incremental Conductance (INC) MPPT
algorithm.
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Ant Colony Optimization MPPT

The Ant Colony Optimization (ACO) controller searches for
the duty cycle associated with high PV power. Each ant
represents a candidate duty-cycle solution within the
allowable converter range. Candidate solutions are
evaluated using the corresponding PV power, after which
pheromone information and selection probabilities are
updated to concentrate the search around higher-
performing regions.

[ Ant Colony Optimization (ACO) MPPT Flowchart |

Initialize Parameters
Number of ants N, , Maximum iterations Iter;,q
Pheromone parameters a, 6, p, @
Duty cycle limits [Dmin, Dmax)
Initialize pheromone 7; = 7,
Set iteration counter ¢ = 1
¥

Measure PV Parameters
Voy (), (k)
Calculate power Pyy (k) = Vipy (k) X Iy (k)

¥
‘ Construct Candidate Solutions

Eachant i (i = 1,2,...,N,) generates a duty cycle D;
within [Dmim Dmux]
[]

}‘_

Evaluate Fitness
Apply each D; to PV model/converter
Compute power P; = V; x I;
Calculate normalized fitness 1; = P;/Pra oserved
[ ]
‘ Update Selection Probabilities |

B
Pi=F, o

j=1Y

f

L]
’ Generate New Solutions ’

Each ant selects a new duty cycle D; based on p;
v
Update Pheromones
Tk +1) = (1 - p) (k) + Ary k)
) =Qxp i
‘max,abserved
Apply pheromone limits: 7,y < 7; < Tynex

Diest = arg max (P;)
Poest = max(P;)

‘ Find the Best Solution in This Iteration

Output Best Duty Cycle
Dyco = Dyeg: (duty cycle with highest power)

!

‘ Apply Dco to PWM ’

(Boost Converter)

¥
( End / Return to Main Controller )

Figure 3. Flowchart of the Ant Colony Optimization (ACO) MPPT
algorithm.
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D; € [0.10,0.80] (28)

m = Pi/Pmax,observed (29)

pi = Ti9 N/ Zj-Na 10 NP (30)

Ttk +1) = (1 —p)ui(k) + Ati(k) (31)
Ati(k) = Q Pi/Pmax,observed (32)

In the present implementation Pp,qx opserveqis defined as
the highest instantaneous PV power encountered by any
ant during the current ACO search episode (i.e., the
running maximum of P; over the 10 ants and up to 20
iterations). It is re-initialised at the start of every new ACO
activation so that the normalisation remains local to the
present operating condition. This avoids dependence on
the fixed module rating and automatically adapts the
heuristic information to the power level available under the
prevailing irradiance and temperature.

Neval = NaNiter = 10 x 20 = 200 (33)

The ACO parameters were set to 10 ants, 20 maximum
iterations, pheromone evaporation rate , initial pheromone,
and pheromone bounds of 0.01-1.0. The ACO procedure
is summarized in Figure 3.

Grey Wolf Optimization MPPT

The Grey Wolf Optimization (GWO) controller searches
the allowable duty-cycle interval using a population of
candidate solutions, referred to as wolves. At each
iteration, the three best solutions are designated alpha(a),
beta (B), and delta (§), and the remaining candidates are
updated relative to these leading solutions.

€ [0.10,0.80] (34)

= 2ar, — a (35)

= 2n, (36)

X, = |CDy — Di|  (37)

D', = D, — AX, (38)

Di(t+1) = (D'a + D'B + D'6)/3 (39)
a(t) =2 - 2t/Niter (40)

D;
A
c

The GWO population comprised 10 wolves and the
maximum number of iterations was 20. The coefficient a
decreased linearly from 2 to O over the optimization
process. The resulting best duty cycle was used as the
GWO control command. The GWO procedure is
summarized in Figure 4.

Fuzzy Supervisory Controller

A singleton-output fuzzy inference system (FIS) was
developed to select the MPPT strategy most appropriate
to the prevailing PV operating condition. Three normalized
input variables were used: PV power variation (4P),
irradiance variation (4G), and relative PV-voltage
deviation from the maximum-power-point voltage (4V).
The normalization equations are x; = AP/Pryieq, X2 =
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[ Grey Wolf Optimizer (GWO) MPPT Flowchart ]

Population size N, Max iterations Iteryy
Duty cycle limits [Dimin, Dmax]
Sett 1

Measure PV Parameters
Vou(K), I ()
Calculate power Pm,(k Vin(k) X Iy (k)

[ Initialize Grey Wolf Population

Imlialize Parameters W

Randomly generate N candidate duty cycles D;
within [D,,.m, Drmax]

Evaluate Fitness
Apply each D; to PV model/converter
Compute powerP Vix I

Identify Best Three Wolves
D, - position with highest power
Dg - second highest power
Ds - third highest power

; murd]
Update Position of Each Grey Wolf Y
For each wolfi (i = 1,2, ..., N):
o Update coefficient a(t) = 2 - 2 (M)
+ Generate random vectors y, 13 € [0,1]
+ Compute A and C vectors:
A=2axr-a , C=2xn
o Compute distances to alpha, beta, delta:
Dg =1€1Dq - Di| , Dp = |C2Dg = Dy, D5 = |C3D5 - Dy
+ Update new position of wolf i :

where D& =Dy —A1Dg, D;, = D‘; -Asz, D:; = Ds - A3D;

L

Yes

t < Iterpg, ?

No
Select Best Solution
Dewo = Dy (best duty cycle with highest power)
v
Apply Dwo to PWM
(Boost Converter)
[ 2

< End / Return to Main Controller )

Figure 4. Flowchart of the Grey Wolf Optimization (GWO) MPPT
algorithm.

AG/Grep, and x3 = (Vypp — Vpy)/Vypp. The normalized
variables are evaluated over the fuzzy universe [-1, 1].
The supplied manuscript does not document an
independent scaling constant, noise filter, or zero-
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denominator handling rule beyond these definitions; these
implementation details should be retained explicitly in the
executable model and supplementary documentation.

X1 = AP/Prated (41)
Xo AG[Gref (42)
X3 Vimpp = V) /Vinpp (43)

Each input variable uses five ftriangular linguistic
membership functions: NL (negative large), NS (negative
small), ZE (zero), PS (positive small), and PL (positive
large). The three inputs share the same numerical partition
over the normalised universe [-1, 1]. The membership
functions are defined by NL = (-1.00, —-0.75, —0.40), NS =
(-0.60, -0.30, 0.00), ZE = (-0.25, 0.00, 0.25), PS = (0.00,
0.30, 0.60), and PL = (0.40, 0.75, 1.00), where each triplet
denotes the left base, peak, and right base of the triangular
membership function.

u(x) = max{0,min[(x —a)/(b — a),(c = x)/(c = b)]}
(44)

The rule base associates relatively stable conditions with
INC and larger changes in irradiance, power, or voltage
with ACO or GWO. The documented representative rules
are ZE-ZE-ZE — INC, PS-ZE-NS — INC, PS—-PS-PS —
ACO, PL-PS-PS — ACO, PL-PL-PL — GWO, and ZE-
PL-PL — GWO. The complete 125-rule (5 x 5 x 5) matrix
is reproduced in Table A4-1, Appendix A. The rule
assignments should be interpreted as the implemented
expert-defined selection logic; the supplied manuscript
does not report a separate formal optimization or
sensitivity study for the membership breakpoints. The
supervisor structure is summarized in (Table 3).

For the singleton consequents, INC, ACO, and GWO are
assigned crisp output values z = 1.0, 2.0, and 3.0,
respectively. The crisp supervisor signal is obtained by the
weighted-centroid (singleton) defuzzification equation:

y = Ziwizi [ Zi i (45)

The algorithm-selection regions were defined as INC
forl.00 < y < 1.67, ACO for 167 < y < 233, and
GWO for 2.33 < y < 3.00. To reduce unnecessary mode
changes, the controller switches only when |y,., —
Yozl = 0.10 and enforces a minimum dwell time of 10
ms. Thus, the implemented switching logic can be written
as |Ynew — Yowa|l = 0.10together with  T4ye = 10 ms.
Boundary cases are resolved by the stated interval
definitions, while the dwell requirement limits rapid
repeated switching.

|ynew _yoldl > 0.10 (46)
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Table 3. Structure of the singleton-output fuzzy supervisor.
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Variable | Linguistic values / Numerical specification Role

parameter definition

AP NL, NS, ZE, PS, PL Universe [-1, 1]; NL (-1.00, —0.75, —0.40); NS (-0.60, -0.30, 0.00); ZE (-0.25, 0.00, Detects power change

0.25); PS (0.00, 0.30, 0.60); PL (0.40, 0.75, 1.00)

AG NL, NS, ZE, PS, PL Universe [-1, 1]; same five triangular membership functions and breakpoints as AP Detects irradiance change

av NL, NS, ZE, PS, PL Universe [-1, 1]; same five triangular membership functions and breakpoints as AP Indicates voltage deviation
from VMPP

FIS output y INC, ACO, GWO Output universe [1, 3]; INC = 1.0; ACO = 2.0; GWO = 3.0 Selects active MPPT mode

Decision regions INC, ACO, GWO INC: 1.00 £y < 1.67; ACO: 1.67 <y <2.33; GW0: 2.33 <y < 3.00 Maps crisp FIS output to
MPPT algorithm

Anti-chattering — Switch only when |y,ew — Yoial > 0.10; minimum dwell time = 10 ms Reduces unnecessary mode
changes

Tawen = 10 ms (47) Table 4. Principal simulation and controller parameters.

Proposed Fuzzy-Supervised Hybrid MPPT Controller

The proposed hybrid controller treats INC, ACO, and GWO
as alternative MPPT operating modes rather than
executing all three algorithms as a sequential cascade.
The fuzzy supervisor determines which algorithm supplies
the active converter duty cycle according to the detected
operating condition. The complete supervisory sequence
is summarized in Figure 5.

Stk) =1 > INC; S(k) = 2 - ACO; S(k) =3 -
GWO (48)

a(gk)) = {Dinc(k),S =1; Dyco(k),S =2; Dewo(k),S =3}
Doy (k) = min[0.80, max(0.10, D(k))] (50)

Under relatively stable conditions, INC provides low-
complexity local tracking. When larger operating changes
or partial shading increase the likelihood of multiple power
maxima, ACO or GWO can be activated to provide broader
search capability. After selection, the duty cycle is
saturated to the allowable range before PWM generation.
This supervisory arrangement therefore provides an
exploration—exploitation mechanism in which global-
search algorithms are invoked when required and local
tracking is retained when conditions permit.

MATLAB/Simulink Implementation

The complete controller was implemented in
MATLAB/Simulink by integrating the PV model, boost
converter, measurement and power-calculation blocks,
INC controller, ACO controller, GWO controller, fuzzy
supervisor, duty-cycle selector, saturation block, and PWM
generator into a single closed-loop simulation
environment. The MPPT control update interval was 1 ms,
whereas the converter switching frequency was 20 kHz.
The duty-cycle command supplied to the PWM stage was
constrained to 0.10-0.80. The principal controller
parameters are summarized in Table 4.

The same PV parameters, converter parameters, initial
conditions, and disturbance profiles were applied to the
standalone INC, ACO, and GWO controllers and to the

Parameter Value
PV rated power 50 W
Vinp 19.32V
I'p 259 A
Ve 2315V
I, 278 A
Boost output voltage 40V
Switching frequency 20 kHz
Inductor 1.5mH
Input capacitor 470 uF
Output capacitor 470 puF
Equivalent load 32Q
MPPT sampling time 1ms
Duty-cycle range 0.10-0.80
INC minimum step 0.001
INC maximum step 0.02
ACO population 10 ants

ACO maximum iterations 20

ACO a 1.0
ACOB 2.0
ACO evaporation rate 0.50

GWO population 10 wolves
GWO maximum iterations 20

GWO initial 2
GWO final 0
Fuzzy sampling time 1 ms

proposed hybrid controller to ensure a consistent basis for
comparison. The supplied manuscript does not record the
MATLAB/Simulink release, solver name, numerical solver
step, or random seeds. Accordingly, these values are not
inferred or fabricated in this revision and should be added
from the executable model before submission. The 1-ms
MPPT update is treated as the discrete controller update
interval, while the converter switching frequency is 20 kHz.

Simulation Scenarios and Operating Conditions

The controllers were evaluated under uniform irradiance
changes, partial shading, temperature variation, and
combined irradiance-temperature disturbances. The
irradiance range considered in the study was 200-1000
W/m? and the temperature range was 15-55 °C. The
principal uniform-irradiance sequence was 600 — 1000 —
400 W/m?, with temperature initially held constant. For the
partial-shading tests the 50 W module was represented as
three series-connected substrings of equal cell count.
Under the shading pattern used in this study, one substring
received an irradiance of 400 W/m? while the other two
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Table 5. Simulation test scenarios and operating conditions.
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Scenario Operating condition Purpose
Uniform irradiance 600 — 1000 — 400 W/m?; temperature initially constant Dynamic tracking response
transition

Partial shading
Combined disturbance

Operating range

Three series-connected substrings: one at 400 W/m?; two at 1000 W/m?; T = 25 °C; GMPP =

43.0W

G: 400 — 1000 W/m? (10-25s); T: 256 — 50 °C

G: 200-1000 W/m? T: 15-55 °C

Global-maximum identification
Adaptive simultaneous
changes

Defined simulation range

response to

Proposed Fuzzy-Supervised Hybrid MPPT Controller
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substrings received 1000 W/m? (temperature held at 25
°C). This non-uniform irradiance produces a multi-peak P—
V characteristic whose global maximum power point
(GMPP) is 43.0 W. All four controllers were evaluated
against this GMPP. In the combined-disturbance test,
irradiance increased from 400 to 1000 W/m? between 10
and 25 s while temperature increased from 25 to 50 °C.
The scenario matrix is summarized in Table 5.

Performance Evaluation Metrics

Controller performance was assessed using MPPT
efficiency, tracking error, mean tracked power, standard
deviation of tracked power, simulated energy harvested,
oscillation index, and settling time. The same definitions
and evaluation intervals were applied to all four controllers.

nuppr = (Perackea/Pupp) X 100 (51)
Emppr = |Pupp — Prrackeal/Pupp X 100 (52)
P = (1/N) ¥¥-, P(k) (93)
op = V[EN1(P() = P)* /(N=1D)] (54)
E = fffp(t) dt (55)

0l = (op/P) % 100
TS = tS - tO

(56)
(57)

MPPT efficiency represents the ratio of tracked PV power
to the available maximum power, expressed as nyppr =
(Pracked/Pupp) X 100. Mean MPPT efficiency is the
arithmetic mean of the instantaneous efficiency values
over the stated evaluation interval. Tracking error is
Evper = |Pupp — Ptrackeal/Pupp % 100. Mean power and
standard deviation characterize average power and
temporal variability. Simulated energy harvested is
obtained by integrating instantaneous PV power over the
specified evaluation interval. The oscillation index is 01 =
(op/P) x 100 and should be interpreted as a temporal
variability measure, not as inter-run uncertainty. Figure 21
uses the final 5 s for the ripple-spectrum display. Settling
time is the interval from a disturbance or operating-point
change to the time at which PV power remains within the
prescribed tolerance band around the MPP. Percentage-
point differences are reported as percentage points;
relative reductions are reported as percent change.

Because the present evaluation is based on the supplied
deterministic MATLAB/Simulink simulation results, no
independent replicate runs, confidence intervals, or
inferential statistical tests were reported. The standard
deviations in Table 9 therefore describe temporal variation
in the reported simulation traces rather than uncertainty
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across independent runs. ACO and GWO are
metaheuristic methods and may exhibit stochastic
behaviour when random initialization is enabled; the
supplied manuscript does not retain a documented seed
policy. Independent repeated runs should therefore be
added before making claims about stochastic repeatability.

Results

The performance of the INC, ACO, GWO, and proposed
fuzzy-supervised hybrid controllers was evaluated in
MATLAB/Simulink under the irradiance, temperature, and
partial-shading conditions defined in Section 2.11. The
quantitative results are summarized in Tables 6-9 and
discussed in the following subsections.

Dynamic Response under Irradiance Variation

Environmental profiles used in the simulation
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Figure 6. Environmental profiles used in the simulation: irradiance and
temperature.

MPPT power-tracking response under dynamic irradiance conditions
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Figure 7. MPPT power-tracking response under dynamic irradiance
conditions.
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The controllers were first evaluated under a stepwise
irradiance profile of 600 — 1000 — 400 W/m?, with
temperature initially maintained at a constant level. The
environmental profile is shown in Figure 6, and the
corresponding PV power responses are presented in
Figure 7. All four controllers responded to the irradiance
transitions, although differences were observed in
transient convergence and steady-state regulation.

The INC controller exhibited the shortest reported settling
time, indicating rapid local adjustment following the
irradiance transitions. However, its response was
associated with greater steady-state variation. ACO and
GWO provided broader search capability but required
longer convergence periods. The proposed fuzzy-
supervised controller dynamically coordinated the three
algorithms, combining global-search capability during
operating changes with local refinement after the operating
region had been identified. (Figure 8)

Instantaneous MPPT efficiency versus time

Instantaneous MPPT efficiency (%)

92

— INC
—— ACO  —— Hybrid

— GWO === MPP reference

90

0 5 10 15 20 25 30 35 40
Time (s)

Figure 8. Instantaneous MPPT efficiency versus time for INC, ACO,
GWO, and the proposed hybrid controller.

The reported performance values are summarized in
Table 6. The proposed controller achieved the highest
reported tracking efficiency of 99.5%, followed by GWO
(98.9%), ACO (98.2%), and INC (97.8%). INC recorded
the shortest settling time at 0.14 s, while the proposed
controller settled in 0.18 s. ACO and GWO required 0.29
and 0.25 s, respectively.

Table 6. Tracking efficiency and settling time under the principal dynamic
irradiance test.

Controller Tracking efficiency (%)  Settling time (s)
INC 97.8 0.14
ACO 98.2 0.29
GWO 98.9 0.25
Proposed fuzzy hybrid 99.5 0.18

Response under Partial-Shading Conditions

For the specified partial-shading condition, the 50 W
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module was represented as three series-connected
substrings of equal cell count, with one substring receiving
400 W/m? and the other two receiving 1000 W/m? at 25 °C.
This non-uniform irradiance produced a multi-peak P-V
characteristic with a global maximum power point (GMPP)
of 43.0 W. The resulting response is shown in Figure 9,
while the corresponding P-V trajectories are presented in
Figure 10.

Response under partial-shading conditions (19-31 s)
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Figure 9. MPPT response under partial-shading conditions.

P-V trajectories under partial-shading conditions (20-30 s)
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Figure 10. P-V trajectories under partial-shading conditions.

Under the specified partial-shading condition, INC
remained susceptible to convergence at a local peak,
whereas ACO and GWO were able to search for the global
maximum. The reported convergence times were
approximately 1.15 s for INC, 0.70 s for ACO, 0.50 s for
GWO, and 0.55 s for the proposed hybrid controller. The
proposed controller initially selected GWO following the
detected operating change and subsequently returned to
INC for local refinement. The proposed controller achieved
a reported tracking efficiency of 99.46%, corresponding to
approximately 42.77 W against the 43.0 W GMPP. Using
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the rounded values, 42.77/43.0 x 100 = 99.47%; the
reported 99.46% should therefore be understood as the
value calculated from the unrounded simulation data.

The proposed controller achieved a tracking efficiency of
99.46% under partial shading, compared with 97.0% for
INC, 97.8% for ACO, and 98.9% for GWO. The proposed
controller therefore exceeded INC by 2.46 percentage
points, ACO by 1.66 percentage points, and GWO by 0.56
percentage points under this specific partial-shading test.
These partial-shading results are summarized in Table 7.

Table 7. Reported performance under the specified partial-shading
condition.

Controller Partial-shading tracking Reported convergence
efficiency (%) time (s)

INC 97.0 1.15

ACO 97.8 0.70

GWO 98.9 0.50

Proposed fuzzy 99.46 0.55

hybrid

Response to Combined Irradiance and Temperature
Variation

A combined environmental disturbance was applied by
increasing irradiance from 400 to 1000 W/m? between 10
and 25 s while temperature increased from 25 °C to 50 °C.
The PV-voltage response relative to the MPP voltage
reference is presented in Figure 11.

PV voltage trajectories compared with the reference Vmpp

20254 — INC — GWO
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Figure 11. PV voltage trajectories compared with the reference VMPP.

During the combined disturbance, the fuzzy supervisor
primarily alternated between INC and ACO. The reported
maximum voltage deviation of the proposed controller
remained below 2%. Cumulative simulated energy
harvested over the 40-s simulation interval is presented in
Figure 12, while cumulative average MPPT efficiency is
shown in Figure 13.

The proposed controller produced a reported 3.1%
increase in simulated energy harvested relative to INC and
1.6% relative to GWO over the 40-s combined-disturbance
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Cumulative energy yield over the simulation interval
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Figure 12. Cumulative simulated energy harvested over the simulation interval.
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Figure 13. Cumulative average MPPT efficiency.

Table 8. Overall comparative performance of the four MPPT controllers, including performance under the specified partial-shading condition.

Controller Tracking efficiency (%) Settling time (s) Oscillation index (%) Energy gain vs INC (%) PSC n (%)
INC 97.8 0.14 3.2 0 (baseline) 97.0

ACO 98.2 0.29 1.8 +1.2 97.8
GWO 98.9 0.25 1.5 +2.0 98.9
Proposed fuzzy hybrid  99.5 0.18 0.18 +3.1 99.46

simulation. Because the interval is short and the profile is
artificial, this result should be interpreted only as a
comparative simulation metric, not as a long-term field
energy-yield claim.

Comparative Performance of the Four Controllers

The principal comparative indicators are summarized in

Table 8. The proposed fuzzy-supervised controller
provided the highest reported tracking efficiency and the
lowest oscillation index. INC retained the shortest settling
time. (Figure 14). The proposed controller improved the
reported tracking efficiency from 97.8% for INC to 99.5%,
corresponding to an increase of 1.7 percentage points. Its
oscillation index decreased from 3.2% for INC to 0.18%,
representing an approximate 94.4% reduction relative to
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Comparative performance metrics for the four MPPT controllers
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Figure 14. Comparative performance metrics for the four MPPT
controllers.
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Figure 15. Tracking error relative to the global maximum power point.
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Figure 16. Distribution of instantaneous MPPT efficiency.
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The comparative visualizations provide additional
evidence of the differences in tracking error and efficiency
distribution among the controllers. The proposed controller
showed the most favourable reported steady-state
behaviour, whereas the principal advantage of INC
remained its rapid settling response. (Figure 16)

Adaptive Switching Behaviour of the Proposed
Controller

The adaptive behaviour of the proposed controller was
assessed from the active-algorithm sequence generated
by the fuzzy supervisor. Figure 17 shows the selected
algorithm mode over time. The switching behaviour
demonstrates that the architecture does not continuously
execute all three MPPT algorithms as independent
controllers; rather, the supervisor selects an appropriate
operating mode.

Hybrid fuzzy controller active algorithm mode over time
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=
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Figure 17. Active algorithm mode selected by the fuzzy supervisor
over time.
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Figure 18. Hybrid power response with switching-event markers.

During relatively stable operating intervals, INC was used
for local tracking, whereas larger operating changes

Official Publication of Direct Research Journal of Engineering and Information Technology: Vol.14; 2026: ISSN: 2354-4155.



Direct Res. J. Eng. Inform. Tech. 63

Table 9. Summary of comparative tracking, stability, partial-shading, simulated-energy, and transient performance of the

four MPPT controllers.

Performance metric INC ACO GWO Proposed hybrid
Mean tracking efficiency (%) 97.8 98.2 98.9 99.5

Std. deviation of efficiency* (%) 112 0.74 0.61 0.22

Oscillation index (%) 3.20 1.80 1.50 0.18

Efficiency gain vs INC (percentage points) 0.0 +0.41 +1.12 +1.74

Relative oscillation reduction vs INC (%) 0.0 43.8 53.1 94.4

PSC tracking efficiency (%) 97.0 97.8 98.9 99.46

Energy gain over 40-s interval vs INC (%) 0.0 +1.2 +2.0 +3.1

Settling time (s) 0.14 0.29 0.25 0.18

* The reported standard deviation is the temporal standard deviation of the efficiency trace used for the simulation summary;
it is not an inter-run standard deviation. No confidence interval is reported because independent replicate runs were not

performed.

058 Hybrid controller duty-cycle evolution

0.56 A

o
wn
S

o
w
~

Duty cycle

o
w
S

0.48 4

0.46 A

T T T T T T T T T

0 5 10 15 20 25 30 35 40
Time (s)

Figure 19. Hybrid controller duty-cycle evolution.

resulted in activation of a global-search strategy. Following
identification of a suitable operating region, the controller
returned to local refinement. The hybrid power response
and switching-event markers are presented in Figure 18,
while the associated duty-cycle evolution is shown in
Figure 19

The observed switching pattern is consistent with the
intended exploration—exploitation  structure of the
proposed architecture.

Steady-State Tracking and Ripple Characteristics

Additional steady-state visualizations were used to
examine tracking stability and power ripple. Figure 20
presents the absolute tracking error over time, providing a
visual assessment of deviations from the global MPP.
Figure 21 presents the power-ripple spectrum during the
final 5 s of the simulation. The reported oscillation index of
the proposed controller was 0.18%, substantially lower
than the values reported for INC (3.2%), ACO (1.8%), and
GWO (1.5%). The steady-state plots should therefore be
interpreted together with the numerical oscillation metric in
Table 9 rather than as independent performance

measures.
Heatmap of absolute tracking error over time
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Figure 20. Heatmap of absolute tracking error over time.

Power ripple spectrum in steady state during the last 5 s
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Figure 21. Power-ripple spectrum during the final 5 s of steady-state
operation.

Discussion

The findings of this study indicate that the proposed fuzzy-
supervised INC-ACO-GWO controller provided a
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favourable balance among tracking efficiency, transient
response, steady-state stability, and partial-shading
performance under the simulated operating conditions.
The controller achieved a mean MPPT efficiency of 99.5%,
compared with 97.8% for INC, 98.2% for ACO, and 98.9%
for GWO, while its oscillation index was 0.18%,
substantially lower than the corresponding values of 3.2%,
1.8%, and 1.5%. Taken together, these results suggest
that the principal benefit of the proposed architecture is not
simply the use of three established MPPT algorithms, but
the condition-dependent selection of the algorithm most
appropriate to the operating state.

The observed improvement can be interpreted in terms
of the complementary functions of the three tracking
mechanisms. INC provides a comparatively direct local-
search response and is therefore advantageous when the
operating point is close to the maximum-power region.
ACO and GWO provide broader search mechanisms that
are more suitable when the power—voltage characteristic
contains competing extrema, as occurs under partial
shading. The fuzzy supervisor acts as the decision layer
between these alternatives, using changes in power,
irradiance, and voltage to determine which mode should
supply the active duty-cycle command. This arrangement
avoids treating INC, ACO, and GWO as a sequential
cascade and instead uses them as alternative operating
modes. The resulting architecture is consistent with the
broader literature, which identifies distinct strengths and
limitations for conventional, intelligent, and metaheuristic
MPPT techniques (Saxena et al., 2024; Yang et al., 2024).
The transient results also reveal an important speed—
stability trade-off. INC produced the shortest reported
settling time of 0.14 s, whereas the proposed controller
settled in 0.18 s. Thus, the hybrid architecture did not
provide the fastest transient response in the present
comparison. Its advantage was observed in the combined
behaviour of response and steady-state regulation: the
small increase in settling time was accompanied by a
much lower oscillation index and higher overall tracking
efficiency. This finding supports the interpretation reported
by Kumar and Balakrishna (2024) and is broadly
consistent with hybrid GWO-ANFIS approaches such as
that of Hussaian Basha et al. (2024), where combining
complementary mechanisms is intended to improve the
compromise between convergence and stability. The
present implementation extends this principle by using
fuzzy supervision to select among three alternative MPPT
modes rather than combining only a single pair of
algorithms.

The partial-shading results provide further support for
the global-search/local-refinement interpretation. Under
the specified shading pattern, the proposed controller
attained a reported tracking efficiency of 99.46%, with
GWO initially activated and INC subsequently used for
refinement. The convergence time of 0.55 s was slower
than the reported GWO value of 0.50 s but faster than ACO
and INC in the same test. This behaviour is compatible
with studies emphasizing the role of global optimization in
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locating the global maximum power point followed by local
refinement to reduce residual tracking error (Berttahar et
al., 2024; Xiao et al., 2025). Related principles have also
been reported for hybrid INC-Fuzzy, Fuzzy—DDPG, and
other multi-algorithm MPPT strategies (Melhaoui et al.,
2025; Ortiz-Munoz et al., 2025; Yousaf et al., 2025;
Nagadurga et al., 2025). The present result should
nevertheless be interpreted as evidence under one
specified partial-shading pattern rather than as proof of
universal superiority across all possible shading
configurations.

The response to simultaneous irradiance and
temperature variation further indicates that supervisory
selection can remain effective when more than one
environmental variable changes. Across the 40-s
combined-disturbance simulation, the proposed controller
produced 3.1% more simulated energy harvested than
INC and 1.6% more than GWO. These differences are
relevant because a controller that performs well only at a
single operating point may not provide the same benefit
when environmental conditions vary. The observed
behaviour is therefore consistent with the emphasis placed
by Karuppasamy et al. (2025) and Timur and Uzundag
(2025) on environmental adaptability in PV MPPT.
However, the energy comparison represents the specified
simulation interval and should not be interpreted as a
measured long-term energy-yield advantage in a physical
installation.

The findings are also broadly compatible with recent
MPPT literature reporting high efficiencies from hybrid,
intelligent, and metaheuristic controllers (Siddique et al.,
2025; Chiu & Chen, 2025; Bisht et al., 2025; Celikel et al.,
2026). Direct numerical comparison should be made
cautiously because reported efficiencies depend on PV
rating, irradiance and temperature profiles, shading
patterns, converter configuration, simulation duration, and
the definition of the performance metric. Similarly, the low
oscillation index observed here should be regarded as a
temporal stability measure of the simulated efficiency
trace, not as evidence of statistical uncertainty across
independent experimental runs. No repeated stochastic
runs were performed for ACO or GWO, and therefore
confidence intervals and inter-run variability cannot be
inferred from the present results. In addition, the study
does not yet quantify processor execution time, switching-
event counts, or other computational costs associated with
supervisory switching. These limitations mean that the
results establish a promising simulation-based
performance case, but further validation using repeated
stochastic trials, clearly documented solver and random-
seed settings, multiple partial-shading patterns, and
processor-in-the-loop, hardware-in-the-loop, or
experimental implementation is required before
conclusions about practical deployment can be made.

Conclusion

The study developed and evaluated, through
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MATLAB/Simulink simulation, a fuzzy-logic-supervised
MPPT controller that switches among Incremental
Conductance (INC), Ant Colony Optimization (ACO), and
Grey Wolf Optimization (GWO). Under the reported
dynamic irradiance test, the proposed controller achieved
a mean tracking efficiency of 99.5%, compared with 97.8%
for INC, 98.2% for ACO, and 98.9% for GWO. It also
recorded the lowest reported oscillation index (0.18%).
Under the specified partial-shading condition, the
proposed controller achieved 99.46% tracking efficiency,
while the reported convergence time was 0.55 s.
Although INC achieved the shortest settling time of 0.14 s
compared with 0.18 s for the hybrid controller, the
proposed architecture provided the best overall
compromise between tracking efficiency, oscillation
suppression, partial-shading performance, and energy
extraction. The results therefore demonstrate the potential
of fuzzy-supervised coordination of complementary MPPT
algorithms as an effective approach for improving PV
power extraction under changing operating conditions.
Further experimental validation is required before the
controller can be considered fully validated for practical PV
installations.

Limitations of the Study

This study relies exclusively on the supplied deterministic
MATLAB/Simulink simulation results. Consequently, the
reported performance has not been validated on a physical
PV array, PV emulator, processor-in-the-loop (PIL),
hardware-in-the-loop  (HIL), or real-time hardware
platform. Practical factors—sensor noise, measurement
delay, converter non-idealities, switching losses, finite
processor resolution, and stochastic irradiance
fluctuations—may alter controller behaviour in physical
implementation. The supplied manuscript also does not
document the exact MATLAB/Simulink release, solver
configuration, or random-seed policy; these should be
recorded from the executable model before resubmission.
In addition, only a limited set of irradiance, temperature,
and partial-shading profiles was examined. A single static
shading pattern (one substring at 400 W/m? and two at
1000 W/m?) was used; dynamic or more complex shading
geometries were not evaluated. Independent repeated
stochastic runs were not reported, so the
ACO/GWO/hybrid results should not be interpreted as
estimates of run-to-run uncertainty. Controller execution
time, objective-function evaluation counts for the hybrid
supervisor, and switching-event counts were also not
quantified. The reported improvements are therefore
specific to the chosen system parameters and test cases.
Broader validation should include multiple PSC patterns,
repeated independent runs, computational-cost
measurements, and longer-duration energy profiles.

Recommendations

Future studies should validate the proposed fuzzy-
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supervised INC-ACO-GWO controller experimentally
using a PV emulator and, subsequently, a physical
photovoltaic system. PIL/HIL or real-time digital simulation
should be used to quantify controller execution time,
memory requirements, objective-function evaluations, and
switching behaviour under realistic sampling constraints.
Repeated independent ACO/GWO/hybrid runs with
documented seeds should be reported using mean = SD
and, where appropriate, confidence intervals or other
justified uncertainty measures. Experimental investigation
should also include measurement noise, converter non-
idealities, abrupt irradiance changes, temperature
variations, and diverse partial-shading patterns.

Further research should investigate optimization and
sensitivity of the fuzzy-supervisor membership functions,
rule base, switching thresholds, and dwell/hysteresis
mechanisms. Multiple symmetric and asymmetric static
PSC patterns and dynamic shading transitions should be
evaluated to test generalization beyond the single pattern
used here. Longer-duration energy profiles and
comparisons with additional recent hybrid MPPT methods
should also be conducted before practical performance
claims are made.
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APPENDIX

Appendix A. Reproducibility Information

This appendix provides the principal simulation parameters and fuzzy-supervisor specifications needed to support
reproducibility of the reported MATLAB/Simulink study. The values below reproduce the parameter information reported
in the main text; they do not constitute a replacement for the underlying MATLAB/Simulink model files.

1. Principal Simulation Parameters

Parameter Value

PV rated power 50 W

PV voltage at maximum power, V,, 19.32V

PV current at maximum power, |, 259 A
Open-circuit voltage, V. 2315V
Short-circuit current, I, 2.78 A
Reference irradiance 1000 W/m?
Reference temperature 25°C
Boost output voltage 40V
Switching frequency 20 kHz
Inductor 1.5 mH
Input capacitor 470 puF
Output capacitor 470 uF
Equivalent load 32Q

MPPT sampling time 1ms
Duty-cycle range 0.10-0.80
INC minimum/maximum step 0.001/0.02
ACO population / maximum iterations 10 ants / 20
ACOa/pB 1.0/2.0
ACO evaporation rate 0.50

GWO population / maximum iterations 10 wolves / 20
GWO initial/final a 2/0

Fuzzy sampling time 1 ms

A2. Fuzzy Membership-Function Specification

All three normalized inputs (4P, AG and AV) use the same five triangular linguistic membership functions

over the normalized universe [-1, 1].

Linguistic set

Triangular parameters (a, b, c¢)

NL -1.00, -0.75, -0.40
NS -0.60, -0.30, 0.00
ZE -0.25, 0.00, 0.25
PS 0.00, 0.30, 0.60

PL 0.40, 0.75, 1.00

A3. Fuzzy Output and Decision Regions

Mode Singleton output value z Decision region
INC 1.0 1.00 < y < 1.67
ACO 20 1.67 <y < 233
GWO 3.0 233 <y < 3.00

A4. Representative Fuzzy Rules

Input combination (AP-AG-AV)

Selected mode

ZE-ZE-ZE INC
PS-ZE-NS INC
PS-PS-PS ACO
PL-PS-PS ACO
PL-PL-PL GWO
ZE-PL-PL GWO
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Table A4-1. Complete 5 x 5 x 5 (125-rule) fuzzy supervisor rule matrix.
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The complete 125-rule (5 x 5 x 5) fuzzy rule matrix is provided below. Each row corresponds to one AP linguistic term, while the 25 columns represent
all AG — AV combinations.

Ab5. Test Conditions for Reproducibility

Scenario

Condition

Uniform irradiance
Partial shading

Combined disturbance

Simulation range

600 — 1000 — 400 W/m?; temperature initially constant
Three series-connected substrings of equal cell count; one at 400 W/m? and two at 1000 W/m?, T = 25 °C; GMPP =43.0 W

G =400 — 1000 W/m? from 10-25s; T=25 — 50 °C

G =200-1000 W/m? T = 15-55 °C

Appendix B. Structured Comparison with Recent MPPT Studies

The following comparison is intended to substantiate the novelty claim without implying direct numerical equivalence. Differences in PV rating, converter
topology, shading profile, metric definitions, and validation level prevent direct ranking across studies.

Study

Main strategy

Validation and test conditions

Relevance to the present study

Shetty & Sabhahit

(2024)

Nagarathinam et al.

(2024)

Mazumdar et al.

(2024)

Tyokighir et al.

(2025)
Xiao et al. (2025)

Celikel et al. (2026)
Present study

GWO + INC hybrid
Differential GWO
Drone

Optimization
Variable-size PSO

Squadron

Global wolf pack + INC

Improved GWO MPPT
Fuzzy-selected
INC/ACO/GWO

MATLAB/Simulink; solar water pump; uniform
+PSC
Simulation; SEPIC; varying G/T/shading

Simulation; DC
environments/PSC
PV simulation; PSC

microgrid; multiple

PV simulation; PSC
PV simulation; PSC

50-W PV + boost; MATLAB/Simulink; dynamic
G, one PSC, combined G/T

Closest global/local precedent; present work
adds fuzzy selection and ACO.

Recent GWO benchmark; not three-mode fuzzy
supervision.

Adaptive global search; supports computational-
cost assessment.

Adaptive metaheuristic search; computational
burden remains relevant.

Global/local precedent; present work uses fuzzy
three-mode selection.

Recent GWO global-MPPT benchmark.

99.5% mean efficiency; 99.46% PSC; 0.18% Ol,
+3.1% simulated energy vs INC.
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