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With increasing renewable-energy demand, efficient maximum power point tracking Accepted 14 September 2026

(MPPT) remains essential for photovoltaic (PV) systems operating under nonlinear and
varying conditions. This paper proposes a hybrid Q-learning-based fuzzy sliding mode KEYWORDS

controller (QGFSMCQ), integrating Q-learning adaptation, fuzzy decision-making, and Maximum power point
gain-scheduled sliding mode control to improve dynamic tracking and disturbance tracking (MPPT); Fuzzy logic
rejection. The coordinated framework provides rapid convergence while maintaining control (FLC); photovoltaic
robust operation under irradiance variations and load disturbances. Simulation results ~ SYSte™s (.Pvl)fd‘.jc_dc J
demonstrate superior performance compared with P&O, incremental conductance Egzgglt_eé’fc'or'::?orqo €
(INC), and model predictive control (MPC). QGFSMC achieved an effective startup rise '

time of approximately 0.05s, startup settling time of 0.06s, and post-disturbance

settling time of approximately 0.02s following disturbances at t = 1s and t = 1.5s.

Furthermore, QGFSMC maintained the highest minimum transient PV power, demon-

strating improved disturbance rejection, faster recovery, and enhanced dynamic MPPT

performance under varying operating conditions.

1. Introduction

Energy challenges associated with fossil-fuel depletion, environmental concerns, increasing demand, and
continued economic growth have accelerated global interest in renewable-energy systems. Among the
available technologies, photovoltaic (PV) systems have attracted considerable attention because of their
wide solar availability, simple structure, low maintenance requirements, and ease of operation. However, the
electrical output of PV systems is highly dependent on irradiance, temperature, and operating conditions
(Chandola et al. 2026). The power-voltage (P-V) characteristic contains a maximum power point (MPP),
whose location continuously varies under irradiance fluctuations and partial shading. Since PV installation
costs remain relatively high, extracting the maximum available power is essential, creating a strong need for
robust MPPT techniques capable of accurately identifying the global MPP under varying operating condi-
tions (Reguieg et al. 2026).

Over recent years, several MPPT approaches have been developed to improve tracking speed,
accuracy, stability, and convergence performance (Muioz-Rodriguez et al. 2026; Xiang et al. 2026).
The Incremental Conductance (INC) method offers improved control precision and relatively fast
response (Zanib et al. 2022); however, its tracking process may become slower under rapidly changing
environmental conditions (Khan et al. 2020). Constant Voltage Transfer (CVT) methods are simple to
implement but often suffer from low efficiency and inaccurate MPP localisation (Mukhatov, Thao, and
Do 2022). Artificial Neural Network (ANN)-based approaches can improve tracking accuracy and
stability (Aly et al. 2021), although their performance strongly depends on training quality and dataset
construction (Pires et al. 2023; Sahu and Dey 2022). Other techniques, including P&O, GA, ACO, and
PSO, have also demonstrated acceptable MPPT performance but frequently involve high computational
complexity, oscillatory behaviour, or extensive parameter tuning requirements (Maeng et al. 2024;
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Article highlights

A hybrid Q-learning-assisted fuzzy integral sliding-mode MPPT controller is proposed for photovoltaic boost-conversion
systems.

The developed QGFSMC framework integrates reinforcement learning, fuzzy logic adaptation, and sliding-mode control
within a unified supervisory structure.

The proposed controller demonstrates faster convergence, reduced oscillation, and improved transient stability under
varying irradiance conditions.

Comparative MATLAB/Simulink validation against P&O, INC, and MPC controllers confirms enhanced disturbance rejection
and tracking performance.

The developed controller achieved approximately 0.05 s startup rise time and nearly 0.02 s post-disturbance settling
response.

Mamouri, Mesbahi, and Frick 2024). Hybrid approaches reported in (Degermenci, Yalman, and Olcay
2026; Jain et al. 2023; Yue et al. 2024) improve tracking performance under varying conditions; however,
they may still exhibit oscillation, increased computational burden, and slower convergence toward the
global MPP during irradiance variation and partial shading.

To address these limitations, this paper proposes a hybrid MPPT framework implemented in MATLAB/
Simulink. The proposed controller integrates fuzzy logic, sliding-mode control (SMC), and Q-learning
reinforcement learning to enhance tracking speed, convergence accuracy, disturbance rejection, and
dynamic stability while maintaining a simple and low-cost control structure. The main contributions of
this work are summarised as follows:

o Development of a novel Q-learning-assisted fuzzy integral sliding-mode MPPT controller (QGFSMC)
for photovoltaic boost-conversion systems operating under dynamic environmental conditions.

o Integration of reinforcement learning, fuzzy adaptation, and sliding-mode control within a unified
supervisory framework to improve transient response and tracking robustness.

+ Introduction of an adaptive gain-scheduling mechanism to regulate fuzzy, sliding, and integral control
actions according to the operating condition and tracking state.

o Comprehensive MATLAB/Simulink validation under varying irradiance and temperature conditions
using P&O, INC, and MPC benchmark controllers for performance comparison.

« Demonstration of improved startup convergence, reduced oscillation, faster post-disturbance recovery,
and more stable maximum power point tracking compared with conventional MPPT approaches.

2. Related work

Extensive research has been conducted in MPPT control for PV systems under varying irradiance and
partial-shading conditions. Ullah et al. (2023) proposed a fuzzy-based MPPT controller using MATLAB/
Simulink, where fuzzy logic was combined with P&O control to improve tracking under irradiance and
temperature variations. The method demonstrated improved stability, reduced output-power fluctuation,
and an average efficiency of approximately 97%. However, the work remained primarily simulation-based
and lacked detailed validation under hardware implementation and partial-shading conditions. Melhaoui
et al. (2025) developed a hybrid InC-FLC MPPT framework using SInC and CSI as fuzzy input variables.
The method improved tracking under abrupt irradiance and load variations, achieving 97.7% MPPT
efficiency and 53.5ms convergence time. Nevertheless, the controller remained dependent on fuzzy
membership-function design and was mainly validated through simulation studies. Hole and Goswami
(2024) proposed an ensemble predictive MPPT framework integrating PI, PID, FLC, VARMA, LSTM-
GRU prediction, bio-inspired optimisation, and a SEPIC converter. The framework demonstrated
advanced predictive capability and proactive energy-management behaviour; however, its structure is
highly complex and may require significant computational resources and tuning effort for practical
implementation. Karimi, Siadatan, and Rezaei-Zare (2025) introduced a hybrid P&O-FLC method for
PV systems under partial shading using both simulation and laboratory validation. The method improved
search behaviour under non-uniform irradiance while maintaining relatively simple implementation
compared with heavier Al-based approaches. However, controller performance remained dependent on
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fuzzy-rule and membership-function tuning. Manna et al. (2023) proposed an MRAC-based MPPT
controller for PV systems using a boost converter and compared it with P&O and INC approaches.
The method achieved fast convergence of 3.6 ms with tracking efficiencies of 99.77% and 99.69% under
irradiance and temperature variations. However, the controller was not validated under multi-peak partial-
shading conditions. Girgis and Elkhateeb (2024) improved P&O MPPT using an adaptive PID controller
with recursive least-squares gain updating. The approach improved dynamic voltage-reference tracking
under changing irradiance, temperature, and load conditions while preserving the simplicity of conven-
tional P&O control. Nevertheless, the validation remained simulation-based and relied on simplified PV-
converter modelling. Katche et al. (2023) reviewed conventional, intelligent, optimisation, and hybrid
MPPT methods, highlighting that conventional approaches are simple and low-cost but often suffer from
oscillation and weak partial-shading performance, whereas hybrid methods improve tracking capability at
the expense of increased complexity and implementation cost. Nwachukwu, Folly, and Awodele (2025)
investigated SAC and DDPG reinforcement-learning MPPT methods under partial shading. The study
demonstrated that SAC reduced oscillation near the MPP because of entropy-based exploration and twin
Q-network learning. However, deep reinforcement-learning approaches still require extensive training and
careful simulation-to-hardware transfer. Mazumdar et al. (2024) reviewed conventional and Al-based
MPPT approaches under uniform and partial-shading conditions. Their study showed that intelligent
methods can improve global MPP tracking but frequently suffer from high computational complexity and
implementation difficulty. The review emphasised the need for practical hybrid MPPT frameworks that
combine low implementation cost with improved robustness and tracking performance under real
operating conditions. Table 1 summarises representative intelligent, learning-based, and metaheuristic
MPPT approaches, highlighting their operating principles, training requirements, and principal imple-
mentation considerations.
We can summarise the list of contribution as follows:

o A hierarchical MPPT framework that separates intelligent supervisory adaptation from continuous
converter control.

Table 1. General comparison of intelligent, learning-based, and metaheuristic MPPT methods reported in the literature.

Training
Method Category Operating principle requirement Main consideration
FLC Intelligent control Rule-based fuzzy inference No Membership-function and rule
design
ANN Machine learning Learned nonlinear input-output Yes Training-data dependency
mapping
ANFIS Neuro-fuzzy learning Adaptive fuzzy inference Yes Training and fuzzy-model
complexity
LSTM Deep learning Recurrent sequence learning Yes Neural-network inference
BiLSTM Deep learning Bidirectional recurrent learning Yes Higher network complexity
RL Reinforcement learning State—action policy learning Yes Reward and state-action design
DQN Deep reinforcement learning Neural approximation of Q-values Yes Deep-network training and
inference
DDPG Deep reinforcement learning Continuous actor—critic policy Yes Actor-critic network complexity
PSO Metaheuristic Population-based particle search No Iterative search process
GWO Metaheuristic Population-based hierarchical No Iterative candidate evaluation
search
GA Evolutionary Population evolution and selection No Multiple iterative evaluations
ACO Metaheuristic Pheromone-based search No Iterative probabilistic search
DE Evolutionary Population-based differential No Iterative candidate optimisation
search
CS Metaheuristic Cuckoo-search optimisation No Population-based iterative search
FPA Metaheuristic Pollination-inspired global/local No Iterative optimisation
search
ANN-PSO  Hybrid Al-metaheuristic Neural learning with swarm Yes Combined training and
optimisation optimisation burden
FLC-PSO  Hybrid intelligent-metaheuristic Fuzzy control with PSO No* Additional optimisation stage

optimisation

Conventional supervised training is not required; however, PSO performs iterative optimisation of the selected controller variables. The table
provides a qualitative literature-level comparison rather than a numerical performance ranking because published MPPT studies use different PV
configurations, converters, environmental profiles, partial-shading patterns, and validation conditions.
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o A state-dependent gain-scheduling strategy that improves MPP convergence while reducing oscillation
near the optimum operating point.

o A compact learning-based supervisory policy that adapts controller aggressiveness without requiring
online optimisation or neural-network inference.

« Improved transient response and post-disturbance recovery compared with P&O, INC, and MPC under
identical operating conditions.

3. Methods used in validation process
3.1. Petrub and Observe

The Perturb and Observe (P&O) method operates by introducing a small perturbation into the PV system
and then observing the resulting change in output power. This deliberate disturbance shifts the operating
point slightly, and the subsequent variation in power is used to determine whether the search direction
should be maintained or reversed (Jabbar et al. 2023). If the applied perturbation causes the extracted PV
power to increase, the controller continues perturbing in the same direction. In contrast, if the power
decreases, the perturbation direction is reversed so that the operating point moves back toward the
maximum power point (MPP). Because this process is repeated continuously, the algorithm ultimately
converges to the vicinity of the MPP and then oscillates around it in steady state. The magnitude of the
perturbation therefore plays a key role: a smaller perturbation step reduces oscillation and improves
tracking accuracy, whereas a larger step can accelerate convergence but may increase steady-state ripple
(Ali et al. 2023; Necaibia et al. 2026). The instantaneous output power of the PV module is obtained from
the measured voltage and current as

Ppy (k) = Vpy (k) Ipy (k) (1)

where Vpy (k) and Ipy (k) are the sampled PV voltage and current at the kth instant. The algorithm
evaluates the changes in power and voltage between two consecutive sampling instants as

AP (k) = Ppy (k) — Ppy (k — 1) (2)
AV (k) = Vpy (k) = Vpy (k - 1) (3)

Using these increments, the operating condition of the PV module relative to the MPP can be inferred. In a
voltage-perturbation interpretation of P&O, the decision rule can be expressed as

AP(k) > 0 = continue perturbation in the same direction
AP(k) < 0 = reverse the perturbation direction (4)
AP (k) = 0 = the operating point is at or very near the MPP

Equivalently, when the sign of both AP (k) and AV (k) is considered, the algorithm may be written as

AP(k) >0, AV (k) >0 = move toward a higher OV
AP (k) >0, AV (k) <0 = move toward a lower OV
AP (k) <0, AV (k) >0 = reverse toward alower OV
AP(k) <0, AV (k) <0 = reverse toward a higher OV

(5)

In converter-based MPPT implementation, the perturbation is commonly applied through the duty
cycle of the DC-DC converter. For an ideal boost converter, the relationship between the PV-side voltage
and the load-side voltage is given by (Deshi et al. 2026; Djilali et al. 2025)

Vpy

V:
)

(6)

which can be rearranged to express the duty ratio as
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V.
D:l_ﬂ (7)

Vi

where D is the duty cycle, Vpy is the PV voltage, and V; is the output or load voltage. The duty cycle is also
defined in terms of the switch conduction intervals by

_ Iy
T + Ty ®)
where T, and T,5 denote the switch on-time and off-time, respectively.
Accordingly, the duty cycle can be updated iteratively as
D(k) =D(k - 1) + u(k) AD 9)

where AD is a small perturbation step and u (k) € {+1, —1} represents the perturbation direction. The
direction term may be determined from the observed power variation as

u(k-1), APk)>0
uk)=<-u(k-1), AP(k) <0 (10)
u(k-1), AP(k)=0

Thus, when the measured electrical variables indicate that the perturbation has moved the operating
point toward a higher power level, the controller increases or decreases the duty cycle in the same direction
so that the search point continues progressing toward the MPP. On the other hand, when the PV power
decreases while the voltage changes in the opposite trend, the duty-cycle update is reversed, and the
operating point is driven back toward the optimum region (Douifi et al. 2026; Xu et al. 2023).

3.2. Incremental conductance MPPT method

The Incremental Conductance (INC) method is a widely used maximum power point tracking (MPPT)
technique for photovoltaic (PV) systems because it determines the operating point from the slope of the
power-voltage characteristic (Cakmak, Aydogmus, and Tiir 2025). Its fundamental principle is that the
slope of the PV power curve is zero at the maximum power point (MPP), positive on the left side of the
MPP, and negative on the right side. Unlike conventional perturbation-based methods, the INC algorithm
can identify when the operating point has reached the MPP and can therefore reduce steady-state
oscillation around the optimal point (Bakar Siddique et al. 2023; Ibrahim et al. 2023).
The instantaneous output power of the PV module is expressed as

Ppy = VpyIpy (11)

where Vpy and Ipy are the PV voltage and current, respectively.
Differentiating (11) with respect to voltage gives

dPpy  d(VpyIpy)

= 12
dVpy dVpy (12
Applying the product rule yields
dap dI,
= Iy + Vpy——" (13)
dVpy dVpy
At the maximum power point,
dp,
PV _ (14)
dVpy

Thus, from (13) and (14),
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dlpy
Iy + V; =0 15
pv + Vpy dVoy (15)
which gives
dI, I
v _ Iy (16)
dVpy Vpy

Equation (16) is the basis of the INC method. It shows that, at the MPP, the incremental conductance

LN equal in magnitude and opposite in sign to the instantaneous conductance .

av
Accordingly, the operating region of the PV module can be identified as

dPpy
>0 left of MPP
Vo (left o ) (17)
dPpy
— =0 t MPP 18
Vo (a ) (18)
dPpy .
— <0 ht of MPP
. < (right o ) (19)

Using (13), these conditions may also be written as

dIPV S _IP_V

(left of MPP) (20)
dVpy Vpy
dlpy Ipy
-V (at MPP) 1)
dVpy \73%
dlpy Iy (right of MPP) (22)

dVpy Vpv

In digital implementation, the derivatives are approximated by finite differences between two consecu-
tive sampling instants:

AI (k) = Ipy (k) — Ipy (k — 1) (23)
AV (k) = Vpy (k) = Vpy (k - 1) (24)

Hence, the incremental conductance is approximated by

dlpy Al (k)
dVey AV (k) (25)
The practical INC decision law becomes
Al (k) Ipy (k)
> — (left of MPP) 26
VR Vi ®) 26)
Al (k) Ipy (k)
- (at MPP) 27
AVE) T Vo) )
ALK Loy (k) (right of MPP) (28)

AV (k) Vpv(k)

Based on these conditions, the PV operating voltage reference can be updated as
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Al (k) s _Dv (k)

AV (k Vpv (k
AW

Vi (K) + AVip, if

Vier (k + 1) = { Vir (k) 2
ef( +1) ef( ) AA‘I/((]S) ‘I/pv((]f)) (29)
Ve (K) = AVip, if < -
AV (k) Vpy (k)
where AV, is the selected voltage step size.
In practical implementation, a special case occurs when
AV (k) = 0 (30)

because direct division in (25) becomes undefined. In that case, the decision is made from the current
variation only:

AV (k) =0, AI(k)=0 = at MPP (31)
AV (k) =0, AI(k)>0 => left of MPP (32)
AV (k) =0, AI(k) <0 => right of MPP (33)

For a PV system connected to an ideal boost converter, the voltage conversion relation is
Vo= —— (34)

or equivalently

Wy

D=1 (35)

[

where V, is the converter output voltage and D is the duty ratio.
Therefore, if duty-cycle control is used directly for MPPT, the INC duty update law may be expressed as

D(k) - AD, if 22L& 5 v ®

AV (k) oy (k)

3 o ALK Iy (k)
Dk+1D={ DK, if & =-0 (36)

e AR Tk

D (k) + AD, if {05 < =30

where AD is the duty-cycle increment.

The main advantage of the INC method is that it can theoretically stop perturbing once the MPP is
reached, thereby reducing the steady-state oscillation that is common in simpler tracking approaches.
However, in practical implementation, its performance still depends on the chosen sampling interval and
step size, since a large step improves convergence speed but may reduce accuracy, while a small step
improves precision at the expense of slower dynamic response (Poothullil and Saleem 2026; Xiao, Dong,
and He 2025).

3.3. Fuzzy logic control MPPT method

Fuzzy Logic Control (FLC) is widely used in photovoltaic (PV) maximum power point tracking (MPPT)
because it can handle the nonlinear behaviour of the PV source without requiring an exact mathematical
model of the plant. In MPPT applications, the fuzzy controller receives electrical information from the PV
array, interprets the operating condition through a linguistic rule base, and generates a control action that
updates the duty cycle of the DC-DC converter (Degermenci, Yalman, and Olcay 2026; Tiirkay and
Yiksek 2025).
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A common FLC-based MPPT structure consists of three main stages: fuzzification, inference, and
defuzzification. In a widely used formulation, the controller has two inputs, namely the error E (k) and the
change in error CE (k), and one output, which is the increment in duty cycle AD (k) (Hasheminasab,
Alzayed, and Chaoui 2025; Hazzab et al. 2024).

The instantaneous PV power is first computed as

Ppy (k) = Vpy (k) Ipy (k) (37)

where Vpy (k) and Ipy (k) are the PV voltage and current at sampling instant k.
The fuzzy input error is commonly defined as the slope of the power-voltage characteristic,

Ppy (k) — Ppy (k= 1) AP (k)

FO V0 — Ve k- 1) T AV (0 e
where
AP (k) = Ppy (k) = Ppy (k — 1) (39)
and
AV (k) = Vpy (k) = Vpy (k - 1) (40)
The second fuzzy input is the change in error, defined by
CE(k)=E(k) - E(k - 1) (41)

The physical meaning of these quantities is important. The error E (k) represents the slope of the PV
power curve. At the maximum power point (MPP),

dPpy
dVpy

=0 (42)

and therefore, in the discrete implementation,

E(k) =0 (43)
Thus, E (k) indicates whether the operating point is located to the left or right of the MPP, while CE (k)
indicates the direction of motion of the operating point between two consecutive samples.
In practical digital implementation, the fuzzy inputs are often normalised before fuzzification:

e(k) = K.E (k) (44)

ce (k) = K, CE (k) (45)
where K, and K, are input scaling factors selected so that the normalised variables lie inside the
universe of discourse of the membership functions.
The fuzzification stage maps the crisp inputs e (k) and ce (k) into fuzzy sets. A common choice is to use
triangular membership functions because of their simplicity and ease of implementation. For a triangular
membership function with parameters [a, b, c], the degree of membership is

0, x<a
z_a,anSb
ulesa, bye)=172"1 (46)
, b<sx<c
c—-b
0, X=c

where a and c define the feet of the triangle and b defines its peak.
For MPPT design, the normalised inputs and output are typically partitioned into linguistic terms
such as
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{NB, NS, ZE, PS, PB}

representing negative big, negative small, zero, positive small, and positive big, respectively. Accordingly,
the fuzzy sets for e (k), ce (k), and the normalised output d (k) may be written as

e(k) € {A, Ay, .., A}, ce(k) € {By, By,...,B,} (47)

d(k) € {C,, Cy,...,C}} (48)
where m, n, and r are the numbers of fuzzy subsets used for each variable.
The inference engine evaluates a rule base of the form

R :

ij: IF e(k)is A; AND ce(k)is B;THEN d(k)is Cj (49)

wherei=1,2,...,mand j=1,2,...,n.
For a Mamdani-type fuzzy controller using the minimum operator for conjunction, the firing strength
of the ij-th rule is

wij (k) = min (u, (e (k)), pp (ce(k))) (50)
The output fuzzy set contributed by the ij-th rule is then obtained by implication:

ui (2) = min (w; (k), p, (2)) (51)

where z is the output universe variable.
After all rules are evaluated, the individual rule outputs are aggregated into a single fuzzy output set. For
max-aggregation,

bogg (2) = mi;%XH;”t (2) (52)

The defuzzification stage converts the aggregate fuzzy output into a crisp control signal. The centroid
method is commonly used, for which the normalised crisp output is

J.Q Z g (2)dz

d* (k) = (53)
J-Q Hagg (2) dz
where Q) is the output universe of discourse.
In discrete implementation, the centroid can also be written as
N
Y Ze by, (20)
d* (k) = = (54)
> Hagg (ze)
e=1
where z, are the discrete output points.
The duty-cycle increment is then obtained by output denormalization:
AD (k) = Ky d* (k) (55)
where K is the output scaling factor.
Finally, the converter duty cycle is updated as
D(k) = D(k — 1) + AD(k) (56)

In practice, the duty cycle is limited to the admissible switching range:

D(k) =sat(D(k — 1) + AD(k)), Dpin < D (k) € Dpax (57)
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When the PV system is connected through a boost converter, the ideal voltage conversion relation is
Vo= —— (58)

or equivalently
Vev = Vo (1 - D) (59)

where V, is the converter output voltage. Therefore, by adjusting the duty ratio D, the fuzzy controller
shifts the PV operating voltage and drives the operating point toward the MPP.

It is worth noting that some FLC-based MPPT implementations use AP and AV directly as the fuzzy
inputs instead of E and CE. In that case, the controller input vector becomes

(60)

AV (k)

<(6) = [AP(k)}

and the same fuzzification-inference-defuzzification procedure is followed to obtain AD (k). Both formu-
lations are valid, but the E - CE representation is especially attractive because E (k) is directly related to the
slope of the P - V characteristic and therefore to the MPP condition.

The main advantage of FLC-based MPPT is that it can provide adaptive duty-cycle variation and
reduced steady-state oscillation without requiring an exact model of the PV source. Its performance,
however, depends on the appropriate design of the membership functions, scaling factors, and rule base
(Aiboudi et al. 2025).

4. Proposed system modelling and design

This section presents the modelling and design of the proposed hybrid MPPT framework implemented in
MATLAB/Simulink. The developed controller combines a fitted nonlinear photovoltaic (PV) array model,
a continuous-conduction-mode (CCM) averaged boost converter, a five-set fuzzy logic controller (FLC),
an integral sliding-mode correction term, and a Q-learning layer that adaptively schedules the controller
aggressiveness. The complete control loop is executed in discrete time with measurement averaging, while
the plant is simulated using the averaged continuous-time state model.

4.1. PV array modelling

The PV array is formed using N, = 5 series-connected modules per string and N, = 10 parallel strings. The
module-level datasheet values used in the implementation are summarised in Table 8. The aggregate array
open-circuit voltage, short-circuit current, nominal maximum-power voltage, and nominal maximum-
power current are given by

Voe = N Voe,m» (61)
L = NpLig (62)
Vip = N Vi (63)
Lup = NyLyp,ms (64)

where the subscript m denotes a single PV module.
Instead of using the full single-diode equation, the implemented code adopts a fitted exponential
current-voltage model constrained by the datasheet points:

VIVoce
1- Cl[exp(%] - 1]} (65)
2

Ipv(V) = Lsc,eff
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with saturation applied such that
0<sV< V;)c,eff’ Ipv(V) 2 0. (66)
The coefhicients C; and C, are identified from the normalised datasheet ratios

v, I
we=—20 = 20 (67)
\/Oc,m ISC,m

The parameter C, is obtained numerically from

_ eXp(Tv/Cz) -1 _

=0,
exp(1/Cy) -1 (68)
and then

Cl = ; (69)
exp(l/Cz) -1

To account for operating-condition changes, the effective open-circuit voltage and short-circuit current
are updated with irradiance G and temperature T as

Voceft = Voc[1 + T;,Voc(T - 25)], (70)

G
Isc,eff = Isc(m)[l + Tc,Isc(T - 25)]~ (71)

The normalised power function used in the code to locate the theoretical MPP is

p,(x) =x max[l - Cl[exp(ci] - 1], 0], x € [0, 1]. (72)
2
The optimal normalised MPP location is then
Xmpp = arg max p, (x).
PP gxe[o,l]p”( ) (73)
Hence, at each operating condition,
Vmpp,eff = Xmpp Voc,eff’ (74)
Impp,eff = Ipv (Vmpp,eff)’ (75)
Pmpp,eff = Vmpp,efflmpp,eff- (76)

The imposed irradiance-temperature profile is piecewise defined as

1000 W/m?, 0<t<10s
G(t) =41500 W/m?, 1.0<t<15s (77)
2000 W/m?, 1.5<t<20s

and

25°C, 0<t<10s
T(t)=435°C, 1.0<t<15s (78)
45°C, 1.5<t<20s.
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4.2. Averaged boost converter model

The PV array feeds a DC-DC boost converter represented by a large-signal averaged CCM model. The
state variables are the PV-side capacitor voltage V},, the inductor current I;, and the output capacitor
voltage V,,,,. With duty cycle D, input capacitor C;,, output capacitor C,,;, inductance L, load resistance R,
and inductor parasitic resistance r;, the plant equations implemented in the code are

av,,
Cin7 =1, (V) - I, (79)
1
Lﬂ =V = (1 = D) Vo — 111, (80)
dt
Cout% =(1- D)IL - %- (81)

The model is numerically integrated using a fixed simulation step dt, yielding

Vo (k + 1) = max (V) (k) + Vp, (k) dt, 0), (82)
I (k + 1) = max (I, (k) + I, (k) dt, 0), (83)
Vour (k + 1) = max (Ve (k) + Ve (k) dt, 0). (84)

The converter and simulation parameters are given in Table 2.
At each controller update, the measured PV voltage, current, and power are averaged over the preceding
Ny simulation samples:

Vo (k) = 3 23 Vi (),

Ly(k) =5 21 (), (85)
By (k) = 1 X3 By (1)

where N, is the current measurement count within the control window.

4.3. Architecture of the proposed QGFSMC MPPT controller

The proposed controller is the third controller in the simulation framework and is denoted as QGFSMC. It
is composed of four coordinated layers:

1. a filtered MPP voltage reference obtained from the fitted PV model,

2. a fuzzy logic duty-cycle correction,

3. an integral sliding-mode correction,

4. a Q-learning supervisor that schedules controller aggressiveness online.

Table 2. Simulation and converter parameters.

Parameter Symbol Value
Simulation step dt 5x 107%s
Simulation duration tend 2s
Controller update period Tetn 1% 1073s
Controller steps/update Nt 20
Inductance L 2mH
Input capacitance G 470 uF
Output capacitance Cout 470 uF
Load resistance R 20Q
Inductor resistance n 0Q
Duty-cycle limits D 0.05 <D <095
Training episodes Nirain 50

Final evaluation episodes - 1
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Unlike the benchmark P&O and INC controllers, which directly update the duty cycle from measured
AP, AV, AI, and conductance information, the proposed controller regulates the PV voltage toward a
filtered estimate of the theoretical MPP voltage and uses hybrid intelligent/robust compensation to
generate the duty-cycle increment.

4.3.1. Reference and signal filtering
The MPP voltage reference used by the proposed controller is low-pass filtered as

Vi (K) = 0.70 Vi (k — 1) + 030 Vppy (K), (86)

where Vmpp (k) is the averaged theoretical MPP voltage over the current control window. The measured PV
voltage is also filtered:

Vi (k) = 055V, ¢ (k = 1) + 0.45 V, (k). (87)

The voltage tracking error is then defined as

e (k) = Vg (k) = Vs (K). (88)
The raw derivative of the error is
k) —e(k-1
o (k)= LW —elk=1) (89)
Tctrl
and the filtered derivative is
ér (k) = 0.45¢ér (k — 1) + 0.55 é,4., (k). (90)
The integral error state is updated as
ei(k) =0.99¢;(k — 1) + e(k) T, (91)
with saturation
=0.15 max (Vs (k), &) < e;(k) < 0.15 max (V. (k), €), (92)

where ¢ is a small positive number used to avoid division by zero.

4.3.2. Normalisation
The controller operates on normalised signals clipped to [-1, 1]:

en (k) = sat_y 1 ( e (k) ) ], (93)

max (0.08 Vyc eff> €

de, (K) = saty_y AL , (94)
’ max (0-12Voc,eff/’1—;trl’ 5)

. i (k
i, (k) = Sat[_l’l][max(OeléV) - 8)]- (95)

4.4. Fuzzy logic layer

The fuzzy stage takes the normalised error e, and normalised error change de, as its two inputs and
generates a normalised correction ;. The code defines five membership functions for each input over the
interval [-1, 1]. Since the uploaded implementation does not explicitly assign linguistic names, the ordered
sets are denoted here as
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Table 3. Five membership functions used for each fuzzy input.

Label Type Parameters Support/transition range

NB Left shoulder (-1.0, —0.5) (=00, —0.5] with full membership for x < —1.0
NS Triangular (-1.0, -0.5, 0.0) [-1.0, 0.0]

ZE Triangular (-0.5, 0.0, 0.5) [-0.5, 0.5]

PS Triangular (0.0, 0.5, 1.0 [0.0, 1.0]

PB Right shoulder (0.5, 1.0) [0.5, =) with full membership for x > 1.0

{NB, NS, ZE, PS, PB},

which correspond to the left shoulder, two intermediate triangles, the zero-centred triangle, the positive
triangle, and the right shoulder, respectively.
The triangular membership function used in the code is

0, x<aorxzg,
s a<x<b,
Alltri (x; a, b) C) = 1, x = b, (96)
s b<x<ec
The left-shoulder membership function is
1, x<a,
Ut a,b) ={7=%, a<x<b, (97)
0, x>b,
and the right-shoulder function is
0, x < a,
/’le(x; a, b) = z:z’ a<x< b’ (98)
1, x> b.

The membership functions used for both e, and de, are listed in Table 3.
For the i-th fuzzy set of e, and the j-th fuzzy set of de,, the rule firing strength is computed by product
inference:

wij (k) = w; (e (k) ; (dey (k)), i,j €{L....5} (99)
The implemented fuzzy controller is a weighted-average singleton system. Let r;; denote the singleton

consequent associated with rule (4, j). The crisp fuzzy output is
5
wi (k) 1

us (k) = =2 (100)

B =07

)
1
3 .
Z Wij (k)

i=1 j=1

If the denominator becomes numerically too small, the code sets us (k) = 0.

The 25 singleton consequents used in the controller are given in Table 4. These are exact numeric values
taken from the MATLAB implementation.

The raw fuzzy output is further smoothed before entering the duty-cycle law:

us f (k) = 0.45 us.f (k-1) +0.55 us (k). (101)

4.5. Integral sliding-mode layer

The proposed robust correction is based on a normalised integral sliding surface defined as

s(k) = e, (k) + 0.20de, (k) + 0.10¢i,, (k). (102)
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Table 4. Singleton consequents of the fuzzy controller.

en\de, NB NS ZE PS PB

NB —0.70 —0.55 —035 ~0.15 0.00
NS —0.55 -035 -0.15 0.00 0.15
ZE —035 -0.15 0.00 0.15 035
Ps -0.15 0.00 0.15 035 055
PB 0.00 0.15 035 0.55 0.70

This choice combines proportional, derivative-like, and integral error information into a single sliding
variable.
A distance-to-MPP weighting factor is defined as

(103)

Wear (k) = min(len (k)l, 1],

0.06

which makes the controller more aggressive when the operating point is far from the MPP and softer when
the operating point approaches the optimum region.
The gains are scheduled according to

Kp(k) = (11 x 107 + 3.5 x 107wy, (k) mg,, (104)
K (k) = (12 x 107* + 4.5 x 10 *wy, (k) mg,, (105)
K;(k) = (40 x 107 my, (106)

where my,, mg,, and my, are action-dependent gain multipliers selected by the Q-learning supervisor.
The three duty-cycle correction components are then defined as

ADf (k) = —Kf (k) Llf’f (k), (107)
AD; (k) = —K, (k) tanh (2.6 s (k)), (108)
AD; (k) = —K; (k) ei, (k). (109)

Thus, the unsmoothed composite duty-cycle increment is
ADy 4y, (k) = ADf (k) + AD, (k) + AD; (k) (110)

The sign convention in the code is important: when e > 0, the measured PV voltage is below the
estimated MPP voltage, so the boost-converter duty cycle must be decreased to raise V},. This is why all

three terms in (107)-(109) enter with negative sign.
To limit oscillation, the raw duty-cycle increment is filtered as

ag (k) = (0.82 - 0.62 W, (k) + Aa, (111)
with clipping
ag (k) = satyo s, 0.95) (aa (k)), (112)

where Aw is the action-dependent smoothing shift selected by Q-learning.
The filtered duty-cycle command is

A]-)cmd (k) = Q4 (k) ADcmd (k - 1) + (1 - &4 (k))Ame(k) (113)

A variable duty-increment bound is applied:

ADjipy (k) = 2.0 x 107* + 2.8 x 107wy, (k)) Mpjim, (114)



16 e A. K. AL MHDAWI ET AL.

and the final command is saturated as

ADa (k) = sati-ap,,, k), Ay, ()] (ADema (k). (115)
Finally, the converter duty cycle is updated according to

D (k) = sat[g 5,095 (D (k = 1) + AD.q(k)). (116)

4.6. Q-learning supervisory layer

The supervisory reinforcement-learning layer does not directly output the duty cycle. Instead, it selects one
of three controller modes—aggressive, balanced, or soft—that adapt the gains and smoothing terms of the
hybrid FLC-SMC controller. Hence, Q-learning acts as a gain scheduler over the lower-level control law.

4.6.1. State construction
The Q-learning state is constructed from the magnitudes of the normalised error and normalised error
derivative:

ac (k) = len (k)| age (k) = |dey (k). (117)
The magnitude of e, is quantised into three bins:
1, a, (k) < 0.02,
b. (k) = {2, 0.02 < a,(k) < 0.06, (118)

3, a, (k) = 0.06,

while the magnitude of de, is quantised into two bins:

1, ag (k) <003,
bac ) = {z, age (k) = 0.03. (119)
The scalar state index is then
sqr (k) = (b, (k) — 1)nge + bae (k), Nae = 2, (120)

which yields 6 discrete states in total. Table 5 shows the Q states used.

4.6.2. Action space
The available actions are

A =1{1, 2, 3} = {aggressive, balanced, soft}.

Each action selects a different set of multipliers for the lower-level controller, as given in Table 6.

4.6.3. Reward and Q-table update
The reward is formulated to penalise voltage-tracking error, error variation, integral accumulation, and
excessive duty-cycle activity:

r(k) = —[14.0 |e, (k)| + 1.5 |de, (k)|

+ 0.3 eiy (k)] + 60.0| ADya (k — 1)] . (121)

Table 5. Q-learning state definition used in the proposed controller.

State index |en| bin |de,| bin Interpretation

1 <0.02 <0.03 near-calm

2 <0.02 >0.03 near-changing
3 0.02 < |e,| < 0.06 <0.03 medium-calm
4 0.02 < |e)| < 0.06 >0.03 medium-changing
5 20.06 <0.03 far-calm

6 >0.06 >0.03 far-changing
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Table 6. Q-learning actions and scheduled controller multipliers.

Action my, my, mg; Aa Mpjim
Aggressive 3.20 2.80 1.50 -0.35 3.20
Balanced 1.35 1.20 1.10 -0.10 1.40
Soft 0.35 0.45 0.70 0.20 0.35

This reward encourages fast convergence to the MPP with low oscillation and limited duty-cycle
chattering.
During training, the Q-table is updated using

Q(sk-1> ak-1) ¢ Q(Sk-1, A1)
+aqr[r (k) + g rrLaxQ (k> @) (122)
= Qsk-1> a-1].

where the learning rate and discount factor are

aqr = 0.35, Yo = 0.95. (123)
The code uses an e-greedy policy during training. For training episode ep, the exploration probability is
(ep) ! P (124)
e(ep) = max| &yin, €01 — ,
4 i =0 max(l\]tmin -1, 1)
with

g = 0.25, Emin = 0.02. (125)

During the final evaluation episode,
e=0, (126)

so the learned greedy policy is applied.
The initial Q-table is not zero-uniform; it is biased so that near states initially prefer softer control and
far states initially prefer aggressive control:

Qo =

0.2
0.3
0.4
0.3
0.4
0.3

0.5
0.4
0.1
0.0/
0.0
0.0

(127)

4.7. Overall duty-cycle synthesis

Combining the preceding stages, the proposed QGFSMC algorithm can be summarised as follows:

Algorithm 1. Proposed QGFSMC MPPT control procedure.

Require: Irradiance G (t), temperature T (t), measured PV signals
Ensure: Updated converter duty cycle D (k)
1: Update the operating-condition-dependent PV model using G (t) and T (t)
: Compute the theoretical MPP voltage Vi, ¢ from the fitted PV model
: Filter the MPP reference and the measured PV voltage using (86) and (87)
: Generate the normalised tracking signals e,, de,, and ei,
: Construct the Q-learning state from |e,| and |de,|
: Select the control action and schedule the controller gains
: Compute the fuzzy correction us using (100)
: Form the sliding surface and integral correction terms using (102)-(110)
: Smooth and saturate the duty-cycle increment using (113)-(115)
10: Update the boost-converter duty cycle using (116)
11: Return: D (k)

OoONOULDA WN
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Therefore, the proposed controller is not a pure Q-learning MPPT law and not a conventional
standalone FLC or SMC either. Rather, it is a hierarchical hybrid controller in which Q-learning supervises
the aggressiveness of an adaptive fuzzy-integral sliding-mode duty-cycle law, while the PV operating
reference is continuously refreshed from the fitted nonlinear array model. This structure is intended to
improve rise-time behaviour, reduce oscillation near the MPP, and preserve robustness under abrupt
irradiance and temperature changes.

4.8. Hybrid controller design of the proposed QGFSMC scheme

The proposed controller, denoted as QGFSMC, is a hierarchical hybrid MPPT strategy that combines a
filtered voltage-reference tracker, a fuzzy logic controller (FLC), an integral sliding-mode correction term,
and a Q-learning-based supervisory gain scheduler. The objective of the lower control layer is to regulate
the PV-side operating voltage toward the instantaneous maximum-power-point voltage while maintaining
bounded duty-cycle variation and reducing oscillatory behaviour under abrupt irradiance and temperature
changes.

The PV array is interfaced with the DC-DC boost converter described by the large-signal averaged
continuous-conduction-mode model

dv,,
Cin—mt = Iy (V) = 1 (128)
dr P ( p) L
L =V~ (- D) Vo = (129)
Cow D2 = (1 - D)1 - 2o (130)

where V,,,, I}, and V,,,, are the PV voltage, inductor current, and output voltage, respectively, and D is

the converter duty cycle.
The PV current is generated by the fitted nonlinear exponential model

VIV,
1- Cl[exp(%] - 1” (131)
2

0=V < Ve, I, (V) = 0. (132)

The effective open-circuit voltage and short-circuit current are updated from irradiance G and
temperature T as

Ipv (V) = sc,eff

subject to the clamping constraints

Voc,eff = Voo (1 + Tc,Voc(T - 25)) (133)
I =1 (i)(l + T, 1. (T = 25)) (134)
sc,eff sc 1000 ¢,Isc .

The theoretical MPP voltage is obtained from the normalised PV model through

Vmpp,eff = Xmpp Voc,eff (135)

where x,,, is the normalised optimum point obtained offline from the fitted PV characteristic.
To reduce abrupt reference variations, the MPP voltage reference is low-pass filtered as

Vier (k) = 0.70 Vir (k = 1) + 0.30 Vyyppavg (K) (136)

while the measured PV voltage is filtered according to
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Vi (K) = 0.55 Vpy (k= 1) + 0.45 V40 (K).

The tracking error is then defined by
e(k) = Vier (k) = Vpy,s (k)
and the filtered error derivative is computed as

émw(k) = e(k) — e(k — 1)

ctrl

ér (k) = 0457 (k — 1) + 0.5, ().

An integral error state is also introduced:
ei(k) = 099¢;(k - 1) + e (k) Lin
with saturation

— 0.15 max (Vs (k), 1079)

A

e (k)

A

The error signals are normalised to the interval [-1, 1] as

e (k)
nl) = sati-Ly [ max (0.08Vyc o1, 10°9) )

ér (k)

0.15 max (Vs (k), 107°°).

de, (k) = sat;_
" ( ) o ( max (O-IZVoc,eff/’I;trb 10_6)

. ei (k)
el (k) = Sat[_l’l](max(o.ls\/;c o 10*6) ]

(137)

(138)

(139)

(140)

(141)

(142)

(143)

(144)

(145)

The fuzzy controller uses e, and de, as its two inputs and produces the fuzzy correction uy. Five

membership functions are used for each input: one left shoulder, three triangular sets, and one right

shoulder. The triangular membership function is given by

0, x<aorx=>c

X—a
, a<x<b
Ui (x5 a, b, ¢) = boa
tri 1, x=b
c—X
0 b<x<c
while the left- and right-shoulder functions are
1, x<a
tys(x5 a, b) = z:z, a<x<b
0, x=>b
0, x<a
X—a
‘uRS(x; a, b): b a<x<b
1, x> b.

The fuzzy firing strength of the (i, j)-th rule is

(146)

(147)

(148)
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wij (k) = p; (en (k) ; (dey (k) (149)

and the crisp fuzzy output is generated by weighted averaging:

5 5
Z Z Wij(k)rij

i=1 j=1
up (k) = == (150)
2 2 wi(k)
i=1 j=1
where r; is the singleton consequent in the rule table. The fuzzy output is further smoothed as
us f (k) = 0.45 us f (k-1) +0.55 us (k). (151)
The integral sliding surface used by the robust correction term is defined as
s(k) = e, (k) + 0.20de, (k) + 0.10 ei, (k). (152)

To make the controller stronger when the operating point is far from the MPP, a distance factor is
defined as

(et
Wear (k) = mln( 006 1]. (153)

The gain-scheduled lower-layer control gains are

Kp(k) = (1.1 x 107 + 3.5 x 107wg, (k)) mg, (154)
Ko(k) = (1.2 x 107 + 45 x 10wy, (k) my. (155)
Ki(k) = 40 x 1075my. (156)

The fuzzy, sliding, and integral duty-cycle corrections are then

ADfyzzy (k) = =Ky (k)uy ¢ (k) (157)
ADqy (k) = —K; (k) tanh (2.6 5 (k)) (158)
ADjy (k) = =K (k) ey (k) (159)

and the total raw duty-cycle correction is
ADray (k) = ADfuzzy (k) + ADgpc (k) + ADjy (k). (160)
To suppress chattering near the MPP, the duty-cycle command is filtered using
ag (k) = sat[g5,0.95 (0.82 — 0.62 wg, (k) + Aa) (161)
and
AD.yg (k) = ag (k) ADprey (k) + (1 = &t (k)) ADyayy (K). (162)
The duty-cycle increment is bounded by
ADjjp (k) = (2.0 x 1074 + 2.8 x 10wy, (k) Mipjim (163)
and the final limited increment is

AD,q (k) = sat{_ap,, (k), ADy, (k)] (ADema (k)). (164)
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The boost duty cycle is updated according to

D (k) = satjgs5,095 (D (k = 1) + AD,q(k)). (165)

4.9. Objective function, Q-learning operation, and supervisory role

The Q-learning layer does not directly generate the duty cycle. Instead, it acts as a supervisory decision
mechanism that selects one of three operating modes for the lower-level fuzzy-integral sliding controller:
aggressive, balanced, or soft. In this way, reinforcement learning is used as an adaptive gain scheduler
whose role is to modify the control aggressiveness according to the current tracking condition.

The Q-learning state is constructed from the absolute values of the normalised error and normalised
error derivative,

a (k) = le, (k) |, age (k) = |de, (k)|. (166)

The error magnitude is quantised into three bins:

, a, (k) < 0.02
, 0.02 < a,(k) < 0.06 (167)
, a. (k) > 0.06

eBin (k) =

w o=

while the derivative magnitude is quantised into two bins:

. 1, ag (k) < 0.03
deBin (k) =
eBin(k) {2, ag (k) > 0.03. (168)
The resulting scalar state index is
squ (k) = (eBin(k) — 1)ng, + deBin (k) (169)
with ng4, = 2, yielding a total of six discrete states.
The reinforcement-learning objective is encoded through the reward function
r(k) = —[14.0a.(k) + 1.5a4 (k)

(170)

+0.3]eiy (k)| + 60.0] ADyye, (K) ]

This reward penalises four undesirable behaviours simultaneously: large voltage tracking error, rapid
error variation, excessive integral accumulation, and excessive duty-cycle activity. Therefore, the Q-
learning agent is driven to prefer controller modes that reduce tracking error quickly while maintaining
a smooth duty-cycle evolution.

The Q-table is updated during training according to the standard Q-learning rule

Q(sk-1 ak-1) ¢ Q(sk-1, ak-1)
+ aqr[r (k) + You maaxQ (sx> a) (171)
—Q(sk-1> ax-1)]

Action selection during training is based on an e -greedy policy. The exploration factor decreases with
the episode index according to

(ep) = m 1 ¢ 1 (172)
e = max| &,in, € -
p i =0 max(z\]train - 1’ 1)
where
g0 = 0.25, €min = 0.02. (173)

During the final evaluation episode,
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Table 7. Q-learning action modes and their scheduled controller parameters.

Action My, my, m; Aa Mpjim
Aggressive 3.20 2.80 1.50 -0.35 3.20
Balanced 1.35 1.20 1.10 -0.10 1.40
Soft 0.35 0.45 0.70 0.20 0.35
e=0 (174)
so the learned greedy policy is used without exploration.
The action set is
A = {1, 2, 3} = {aggressive, balanced, soft}. (175)

Each action modifies the lower-level controller through gain multipliers and smoothing parameters. Thus,
the Q-learning policy directly affects the fuzzy gain, sliding gain, integral gain, duty smoothing, and duty
increment bound.

The Q-table is initialised with a deliberate bias such that near-MPP states prefer softer action while far
states prefer aggressive action:

0 02 05
0 03 04
02 04 0.1
04 03 0.0f
1.8 04 0.0
22 03 0.0

The exact gain-scheduling actions selected by the Q-learning agent are summarised in Table 17. These
values are directly used in the controller code (Table 7).

The operational role of Q-learning in the proposed design can therefore be summarised as follows.
When the normalised tracking error is large or rapidly changing, the agent tends to select a more
aggressive action that increases the fuzzy and sliding gains and relaxes the duty-rate limitation, thereby
accelerating movement toward the MPP. Conversely, when the operating point approaches the optimum
region, the agent can select a balanced or soft mode that increases smoothing and decreases gain
magnitude, thereby reducing oscillation and duty-cycle chatter. In this sense, Q-learning does not replace
the lower-level MPPT controller; rather, it supervises and reshapes its behaviour online according to the
instantaneous tracking condition.

Qo

(176)

5. Simulation setup

The proposed PV boost-converter MPPT system was evaluated in a MATLAB/Simulink environment,
while the numerical settings, controller parameters, and supervisory logic were defined by the implemen-
ted simulation script used in the study. The simulated plant is a large-signal averaged continuous-
conduction-mode boost converter driven by a photovoltaic source model fitted to the module datasheet
points. The study compares four controllers within the same simulation framework, namely the classical
Perturb and Observe (P&O) method, the Incremental Conductance (INC) method, the proposed Q-
learning-assisted fuzzy sliding-mode controller (QGFSMC), and a benchmark model predictive control
(MPC) strategy. The simulation uses a fixed time step of dt = 5 x 107°s, a total simulation duration of 2 s,
and a controller update period of T;,; = 103s, corresponding to 20 simulation samples per control update.

The photovoltaic array is constructed from N; = 5 series-connected modules per string and N, = 10

parallel strings. The module power rating, current-voltage data, and temperature coefficients are directly
embedded in the model and are then scaled to the array level. These parameters are used to determine the
effective open-circuit voltage, short-circuit current, and moving MPP under changing irradiance and
temperature. The exact PV module and array data employed in the simulation are summarised in Table 8.

The full proposed Simulink model is illustrated in Figure 1. Moreover, the converter and simulation
settings are listed in Table 9. These values define the electrical energy-storage elements, load resistance,
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Table 8. PV module and array parameters used in the proposed

model.

Parameter Symbol Value
Series modules per string N 5
Parallel strings N, 10
Module maximum power Prnax,m 2205W
Module open-circuit voltage Voc,m 36.8V
Module short-circuit current lse.m 8.08 A
Module MPP voltage Vinp,m 300V
Module MPP current hap,m 735A
Voltage temperature coefficient Tevoc —0.3364%/C
Current temperature coefficient Tessc 0.038465%/C
Array open-circuit voltage Voc 1840V
Array short-circuit current Isc 80.8 A
Array nominal MPP voltage Vinp 150.0 V
Array nominal MPP current Imp 735A
Array nominal maximum power Prp 11025 W

Measurement

QGFSMC Controller

o
po——3 |
-o—/ N/
}

PV Panel

Figure 1. Overall Simulink implementation of the proposed Q-learning-assisted fuzzy integral sliding-mode MPPT control
system for the PV boost converter, including the PV panel, measurement subsystem, FLC block, Q-policy controller, ISMC
boost controller, PWM generation, and power-stage components.

Table 9. Main simulation and converter parameters used

by the proposed QGFSMC controller.

Parameter Symbol Value
Simulation step dt 5% 107%s
Simulation time tend 2s
Control update period Tetn 1x 1073s
Control samples/update Netrf 20
Inductance L 2mH
Input capacitance Cin 470 uF
Output capacitance Cout 470 uF
Load resistance R 20Q
Inductor resistance n 0Q
Duty-cycle bounds D 0.05 <D <0.95
Training episodes Nirain 50

Evaluation episodes -

1
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admissible duty-cycle range, and the reinforcement-learning training length used for the proposed
supervisory layer. The converter is represented by the averaged CCM equations and therefore preserves
both startup MPPT search and re-tracking after abrupt operating-condition changes. :contentReference
[oaicite:7]index = 7.

To test the controller under non-stationary operating conditions, the simulation applies three operating
cases over the 2 -s window. The Simulation Setup that the 2 s horizon is a controller-dynamics test window
and is not intended to represent daily harvested-energy evaluation. The irradiance and temperature are
changed in a stepwise manner so that the theoretical MPP is displaced

twice during the simulation. This setup forces each controller to perform both startup tracking and
post-disturbance re-tracking within the same run. The exact environmental profile used in the simulation
is given in Table 10.

The controller comparison is not based on identical initial operating points. Instead, each controller is
assigned a different initial PV voltage and duty-cycle guess, whereas the inductor current and output
voltage are initialised to zero in all cases. This creates a more demanding startup test, since each controller
begins from a different region of the P-V characteristic. The exact initial conditions are listed in Table 11.

5.1. Controller parametrization

The implemented simulation compares four MPPT controllers, and their functional roles in the Simulink
study are summarised in Table 12. P&O and INC act as classical benchmarks, MPC serves as an advanced
predictive benchmark, and QGFSMC is the proposed hybrid controller combining fuzzy logic, sliding-
mode action, integral compensation, and Q-learning-based supervision.

The fuzzy part of the proposed controller is defined by five membership functions for each input. Both
normalised error e, and normalised error change de, use one left-shoulder set, three triangular sets, and
one right-shoulder set over the interval [-1, 1]. The exact membership-function definitions used in the
implementation are given in Table 13.

The singleton fuzzy rule table used by the function fuzzy5 controller is shown in Table 14. The
controller computes the membership grades of e, and de,, forms the weighted products of the corre-
sponding fuzzy sets, and then produces the crisp control output through weighted averaging of these
singleton consequents (Table 15).

The Q-learning supervisory layer is configured with three error bins, two derivative-error bins, six
discrete states, and three available actions. Its learning rate, discount factor, exploration schedule, and
training length are listed in Table 16. These values determine how the proposed controller adapts its lower-
layer behaviour during training and final evaluation. Furthermore, The Q-learning supervisory component

Table 10. Irradiance and temperature profile used in the simulation.

Case Time interval (s) Irradiance G (W/m?) Temperature T (°C)
1 0<t<10 1000 25
2 1.0<t< 15 1500 (stress-test) 35
3 15<t<20 2000 (stress-test) 45

Table 11. Initial conditions assigned to the compared controllers.

Controller Initial PV voltage Initial duty cycle Common initial states
P&O 0.95 Vj,c 0.15 1.(0) =0, Voue(0)=0
INC 0.90 Vj,c 0.20 [,(0) =0, Voue(0)=0
QGFSMC 0.85 Vyc 0.28 1.(0) =0, Voue(0)=0
MPC 0.75 Ve 0.42 1.(0) =0, Voue(0)=0

Table 12. Controllers implemented in the simulation study.

Controller Core mechanism Role in the study

P&O AP — AV -based duty perturbation Classical MPPT benchmark

INC Incremental versus instantaneous conductance comparison Conductance-based benchmark
QGFSMC Q-learning-supervised fuzzy sliding-mode MPPT with integral compensation Proposed hybrid intelligent controller

MPC Predictive duty-cycle optimisation using finite candidate set Advanced benchmark controller
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Table 13. Membership functions used for each fuzzy input in the
proposed controller.

Label Type Parameters Range
NB Left shoulder (-1.0, -0.5) x < -05
NS Triangular (-1.0, =0.5, 0.0 [-1.0, 0.0]
ZE Triangular (-0.5, 0.0, 0.5) [-0.5, 0.5]
PS Triangular (0.0, 0.5, 1.0) [0.0, 1.0]
PB Right shoulder (0.5, 1.0) x>05

Table 14. Singleton fuzzy rule table used by fuzzy5 controller.

en/de, NB NS ZE Ps PB
NB ~0.70 -0.55 ~035 -0.15 0.00
NS -0.55 -035 -0.15 0.00 0.15
ZE -035 -0.15 0.00 0.15 035
PS -0.15 0.00 0.15 0.35 0.55
PB 0.00 0.15 035 0.55 0.70

Table 15. Cloud server computational configuration
for Q-learning training.

Parameter Configuration
Computing platform Google Colab (paid)
Runtime Cloud-based
Processor Multi-core CPU
Memory High-memory runtime
Hardware accelerator GPU-enabled runtime
RL method Tabular Q-learning
Number of states 6

Number of actions 3

Q-table dimension 6 x 3
Q-table entries 18

Learning rate, a 0.35
Discount factor, y 0.95

Initial exploration, ¢y 0.25
Minimum exploration, €nin 0.02
Training episodes 50
Evaluation episodes 1
Controller update period 1 x 1073 s
Simulation time step 5% 10°s

Table 16. Q-learning hyperparameters and supervisory
settings used in the proposed controller.

Parameter Symbol Value
Number of error bins nErrBinsq, 3
Number of derivative bins nDeBinsg, 2
Number of states nStatesq, 6
Number of actions nActionsg, 3
Learning rate aqL 0.35
Discount factor YoL 0.95
Initial exploration & 0.25
Minimum exploration Emin 0.02
Training episodes Nirain 50
Final evaluation episodes - 1

was additionally trained and evaluated using a paid Google Colab cloud-computing environment. Colab
provides access to accelerated CPU, high-memory, GPU, and TPU resources, with premium GPU access.
Because Colab allocates hardware dynamically according to availability, the exact processor and accelerator
configuration may vary between runtime sessions rather than being fixed.

The three supervisory actions selected by the Q-learning block correspond to aggressive, balanced, and
soft controller modes. Each action changes the gain multipliers, the smoothing shift, and the duty-limit
multiplier applied to the lower fuzzy sliding-mode layer. The exact action-dependent settings are listed in
Table 17. In addition, the initial Q-table bias used before training is given in Table 18, showing that far
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Table 17. Q-learning action modes and scheduled controller multipliers used
by the proposed QGFSMC algorithm.

Action mode My, M, my; Aa Mpjim
Aggressive 3.20 2.80 1.50 -0.35 3.20
Balanced 1.35 1.20 1.10 -0.10 1.40
Soft 035 0.45 0.70 0.20 0.35

Table 18. Initial Q-table bias used before training.

State Aggressive Balanced Soft
1 (near-calm) 0.0 0.2 0.5
2 (near-changing) 0.0 0.3 0.4
3 (medium-calm) 0.2 0.4 0.1
4 (medium-changing) 0.4 0.3 0.0
5 (far-calm) 1.8 04 0.0
6 (far-changing) 2.2 0.3 0.0

states were initialised to prefer more aggressive action, whereas near states were initialised to prefer softer
or balanced behaviour.

The Q-learning component in the proposed QGFSMC operates as a supervisory decision layer rather
than directly generating the boost-converter duty cycle. Its role is to observe the instantaneous tracking
condition through the normalised error and error variation and select one of three supervisory actions:
aggressive, balanced, or soft. The selected action schedules the fuzzy, sliding-mode, and integral control
gains and the associated duty-cycle constraints of the lower control layer. Therefore, Q-learning provides
adaptive supervisory intelligence while the fuzzy-integral sliding-mode controller retains responsibility for
the continuous MPPT control action.

The training and online execution stages are separated. During training, the Q-values associated with
the six states and three actions are updated according to the defined learning rule and reward function.
After convergence of the training process, the resulting 6 x 3 Q-table is retained as the control policy.
During online operation, the normalised error variables are used to identify the current discrete state, the
three corresponding Q-values are retrieved, and the selected action determines the gain-scheduling mode
applied to the lower controller. Since the trained policy contains only 18 state-action values, its execution
does not require neural-network inference, backpropagation, or computationally intensive online
optimisation.

For practical hardware deployment, the trained Q-table can be stored directly in the memory of a digital
controller such as a microcontroller, DSP, or real-time control processor. At each sampling instant,
measured PV voltage and current signals are acquired through the controller ADC interface and used to
determine the tracking variables and corresponding Q-learning state. The stored Q-table is then accessed
to select the supervisory action, after which the scheduled QGFSMC parameters are used to calculate the
duty-cycle command supplied to the PWM module of the DC-DC boost converter. Consequently, the
computationally intensive development and training environment is separated from the final embedded
implementation, while the deployed controller requires only signal processing, state classification, a small
table lookup, gain scheduling, and execution of the lower-level control law. This structure provides a
practical pathway from the simulation-trained Q-learning supervisor to real-time PV converter control
hardware.

From a computational perspective, the Q-learning supervisor introduces a compact discrete decision
layer rather than a computationally intensive function approximator. Online policy evaluation requires
state quantisation and comparison of three Q-values for the identified state. The remaining operations
correspond to the fuzzy inference, sliding-mode correction, integral compensation, filtering, and duty-
cycle limiting operations of the lower control layer. Nevertheless, real-time execution time, memory
utilisation, and processor loading have not yet been experimentally profiled on embedded control hard-
ware. These quantities therefore remain subjects for subsequent hardware-in-the-loop and physical
implementation studies which we intend to do it as future work.

For completeness, the discrete-state definition used by the supervisory Q-learning layer is summarised
in Table 19. This state construction is based on the magnitudes of the normalised tracking error and
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Table 19. Discrete Q-learning state definition used in the proposed

controller.

State len| bin |de,| bin Interpretation

1 <0.02 <0.03 near-calm

2 <0.02 20.03 near-changing
3 0.02 < |e,| < 0.06 <0.03 medium-calm
4 0.02 < |e,| < 0.06 20.03 medium-changing
5 20.06 <0.03 far-calm

6 =0.06 =0.03 far-changing

Table 20. Reward-function coefficients and their control objectives.

Coefficient Value Penalised quantity Control objective

W, 140  Normalised MPP tracking error, |e,| Prioritises rapid convergence toward the MPP and penalises large tracking deviations.

Wae 1.5 Normalised error variation, |Ae,| Penalises rapid error variation to improve transient smoothness and damping.

w 0.3 Accumulated tracking error Provides a lower-weight penalty on persistent tracking error while avoiding excessive
integral influence.

Wad 60.0  Duty-cycle variation, (Ad)? Strongly penalises excessive duty-cycle movement to suppress oscillation and
chattering.
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Figure 2. Applied irradiance and temperature profiles used to test the controllers under two successive disturbances at
t=1sandt=15s.

normalised error derivative and provides a compact supervisory state space for online controller-mode
selection. The MPC benchmark also has an explicit internal configuration in the implementation. This
table is useful because it makes the benchmark controller definition explicit rather than leaving it implicit.

The reward coefficients were selected empirically through iterative controller tuning. The weighting was
chosen to prioritise MPP tracking accuracy while maintaining transient smoothness, limiting accumulated
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Figure 3. Theoretical P-V characteristics and corresponding maximum power points for the three operating cases:
1000 W/m?, 25°C, 1500 W/m?, 35°C, and 2000 W/m?, 45°C.

error, and suppressing excessive duty-cycle activity. The relatively large value of wy, reflects the small
numerical magnitude of the duty-cycle increment and provides an effective penalty against unnecessary
control movement. A formal parametric sensitivity analysis of these reward coefficients was not performed
in the present study.

The Tables 21 and 20 above fully define the simulation configuration used for the proposed study: the
PV-array data, converter constants, environmental disturbance schedule, initial conditions, compared
controllers, fuzzy inference structure, Q-learning hyperparameters, supervisory action modes, initial Q-
table bias, MPC benchmark settings, and the local-function input-output mapping. This establishes the
simulation framework clearly before any later discussion of comparative dynamic performance.

6. Results and discussion

Figure 2 shows the operating conditions used in the Simulink evaluation. The irradiance increases from
1000 W/m? to 1500 W/m? att = 1s, and then to 2000 W/m? at ¢t = 1.5s. At the same time, the temperature
rises from 25°C to 35°C, and then to 45°C. These changes force the PV operating point to move repeatedly,
thereby creating a demanding MPPT test involving both startup tracking and post-disturbance re-tracking.

Figure 3 shows the theoretical P-V curves associated with these three operating conditions. As the
irradiance increases, the available PV power rises significantly, while the simultaneous temperature
increase shifts the maximum power point toward a slightly lower operating voltage. Consequently, the
controller is required not only to extract higher power after each disturbance, but also to relocate the PV
operating point to a new MPP region. This figure therefore provides the theoretical reference against
which the dynamic controller trajectories can be interpreted.
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Figure 4. Overall converter-level comparison of the four controllers in terms of output voltage, PV power, and duty cycle.

Figure 4 compares the converter-level responses of P&O, INC, QGFSMC, and MPC in terms of output
voltage, PV power, and duty cycle. The proposed QGFSMC controller reaches the steady operating region
faster than the other controllers during startup, and this is especially clear in Figure 5. In the startup
interval, QGFSMC exhibits the fastest rise of the output voltage and the quickest increase of PV power
toward the theoretical MPP level. Its duty cycle also moves more rapidly to the appropriate operating
region, which explains the faster establishment of the desired PV operating point. By comparison, P&O is
the slowest controller, showing a gradual duty-cycle ramp and a delayed power build-up. INC is
substantially faster than P&O, but its transient takes longer than QGFSMC to settle. MPC shows smooth
behaviour, but its rise is slower than the proposed controller. The response to the first disturbance at
t =1s is shown more clearly in Figure 6. When the available PV power increases, QGFSMC reacts
immediately and drives the converter toward the new operating region faster than the other methods. The
output voltage and PV power recover more quickly, and the duty cycle reaches its new steady band earlier.
INC is again the next best among the benchmark methods, but its transient remains longer than that of
QGFSMC. MPC is smoother but slower, whereas P&O requires the longest interval to re-establish the new
operating condition. A similar pattern is also visible in Figure 4 at the second disturbance at t = 1.5s,
where QGFSMC again shows the fastest transition toward the new steady state. Overall, the converter-level
comparison demonstrates that the proposed controller has the shortest rise time, faster settling, and
stronger disturbance-handling capability among the four evaluated methods.
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Figure 5. Magnified startup response.

Moreover, Figure 7 presents the PV-side variables V,,, I,,, and P, together with the theoretical
reference trajectories. This figure directly shows how well each controller tracks the MPP after startup
and after the two imposed disturbances. The proposed QGFSMC controller moves the PV voltage toward
the reference more quickly than the other controllers and simultaneously brings the current and power to
their new reference levels with less delay. This behaviour is evident during the initial transient and again
after both disturbance instants. In contrast, P&O remains the slowest method, with the largest delay before
its voltage, current, and power trajectories align with the new MPP region. MPC exhibits smooth but
comparatively slow convergence, and INC performs better than P&O and MPC but still does not match
the response speed of QGFSMC.

The superiority of the proposed controller around the first disturbance is highlighted in Figure 8.
Immediately after t = 1s, the theoretical MPP voltage shifts downward while the MPP current and power
increase. QGFSMC responds to this change very rapidly: the PV voltage is redirected toward the new
reference in a shorter interval, and the corresponding current and power recover to their new levels sooner
than in the other controllers. The transient excursion of the proposed method is brief and quickly damped,
which indicates faster settling. INC shows a slower recovery than QGFSMC, while P&O and MPC remain
further away from the updated references for a longer duration. The same trend is visible again att = 1.5s
in Figure 7, where the proposed method again adapts more rapidly to the new MPP condition.
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Figure 6. Magnified response around the disturbance at t = 1s.

Figure 9 provides an important complementary interpretation by showing the actual controller motion
on the P-V plane. The theoretical P-V curves and MPP locations define the desired operating targets,
while the controller trajectories indicate how each MPPT method moves through the nonlinear charac-
teristic in practice. The proposed QGFSMC trajectory reaches the MPP region more directly and with less
prolonged wandering away from the optimum region. In contrast, P&0O shows the longest excursion
before converging, which is consistent with its slower time-domain response. INC follows a more effective
path than P&O, but its transition remains less direct than that of the proposed method. MPC also
converges to the correct region, although its path is more gradual. These P-V trajectories therefore support
the earlier time-domain observations by showing that QGFSMC not only converges faster in time, but also
follows a more efficient route on the nonlinear PV characteristic.

The six-state space is intentionally compact because Q-learning acts as a supervisory gain scheduler, not
as the primary MPPT law. The states combine three magnitudes of normalised tracking error (near,
medium, and far from the reference) with two error-rate conditions (calm and changing). This distin-
guishes proximity to the MPP from transient movement. The three actions—aggressive, balanced, and
soft—then provide the required control response: stronger correction when far or rapidly changing,
intermediate action during transition, and reduced control activity near the MPP. Thus, the 6 x 3 structure
captures the operating information required by the supervisory task while avoiding an unnecessarily large
Q-table and associated training burden.
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Figure 7. Overall PV-side tracking performance in terms of PV voltage, PV current, and PV power relative to their
theoretical references.

Figure 10 explains why the proposed controller is able to respond more effectively. The selected-gain-
mode plot shows that the supervisory layer does not remain fixed; instead, it changes the controller mode
according to the tracking condition. During quiescent intervals, the policy stays mainly in a balanced
mode, whereas short switches occur when the startup transient or the disturbances att = 1sand ¢ = 1.5s
appear. The reward plot drops sharply only during these demanding intervals and then rapidly returns
toward its nominal level, which indicates that the controller quickly suppresses the large tracking
deviations. This is consistent with the normalised error and normalised error-change plots, both of
which exhibit brief spikes at startup and at the two disturbance instants, followed by fast decay. The
reward-versus-error scatter and the final Q-table further confirm that the learned policy establishes a clear
state-dependent supervisory pattern. Thus, the Q-learning layer contributes directly to faster rise, reduced
settling time, and stronger disturbance handling by adjusting the aggressiveness of the lower fuzzy sliding-
mode controller online. Taken together, Figures 4-10 consistently show that the proposed QGFSMC
controller outperforms P&O, INC, and MPC in the considered Simulink study. The proposed method
exhibits the fastest startup rise, the shortest settling behaviour around the new operating regions, and the
most effective recovery after the strong disturbances introduced at t+=1s and t = 1.5s. While INC
provides the closest benchmark performance among the conventional approaches, QGFSMC remains
superior in both transient speed and disturbance rejection. P&O is clearly the slowest, and MPC, although
smooth, is less responsive than the proposed hybrid controller. Therefore, the combined action of Q-
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Figure 8. Magnified PV-side tracking response around the disturbance att = 1s.

learning supervision, fuzzy inference, and sliding-mode correction yields a more effective MPPT strategy
for PV boost-converter operation under severe operating changes. Refer to appendix; Tables 21 and
Table 22 for complete abbreviation description.

The proposed QGFSMC was validated through a comprehensive MATLAB/Simulink framework and
cloud-based computational evaluation, providing a rigorous and reproducible basis for assessing its
control performance. The nonlinear PV source and dynamic boost-converter model enable the controller
to be evaluated under precisely defined operating transitions, environmental variations, and disturbance
conditions. Furthermore, identical plant parameters and test scenarios were applied to QGFSMC, P&O,
INC, and MPC, enabling a direct and technically consistent benchmark comparison. The intelligent Q-
learning component was additionally developed, trained, and evaluated using dedicated cloud-computing
resources. Together, these validation stages provide substantial evidence of the proposed controller’s
convergence capability, dynamic performance, robustness, and computational feasibility under the oper-
ating conditions investigated in this study.

The principal limitation of the present study is that the proposed QGFSMC has been validated within a
comprehensive simulation environment rather than on a physical PV power-conversion testbed. Although
MATLAB/Simulink provides a controlled, repeatable, and well-established engineering environment for
evaluating QGFSMC against P&O, INC, and MPC under identical operating and disturbance conditions,
practical implementation may introduce additional effects associated with switching devices, sensing,
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Figure 9. Actual controller operating trajectories on the P-V plane for the considered operating cases.

sampling, computation delays, component tolerances, and converter non-idealities. In addition, while the
compact tabular Q-learning structure has low computational requirements during online execution, its
execution time and processor loading have not yet been experimentally quantified on embedded control
hardware. These aspects define the current scope of the study and will be addressed in future work through
hardware-in-the-loop evaluation and experimental implementation on a dedicated PV boost-converter
testbed, including real-time computational assessment under practical operating and environmental
conditions. Refer to Table Al and Table A2 in Appendix section for abbreviations and coefficient values
used. Table 22 shows quantitative comparison while Table 23 shows qualitative comparison of the used
controllers.

This table showcase the computational status of the controllers.

The controller parameters were selected through a structured iterative tuning procedure within the
same PV boost-converter model and operating conditions used throughout the study. The tuning process
was performed according to the functional role of each parameter group rather than adjusting all
coeflicients simultaneously. The reference and measurement filters were first adjusted to provide sufficient
signal smoothing without introducing excessive tracking delay, followed by tuning of the derivative
filtering and integral-memory terms to obtain a stable error response. The fuzzy and sliding-mode
gains were subsequently adjusted to achieve rapid convergence while limiting oscillation around the
MPP. Duty-cycle smoothing and increment limits were then selected to maintain bounded control
movement and suppress excessive switching activity. Finally, the Q-learning action multipliers were
tuned to provide distinct aggressive, balanced, and soft supervisory responses for large-error, transitional,
and near-MPP operating conditions, respectively. The final parameter set was retained once stable
convergence, reduced near-MPP oscillation, bounded duty-cycle evolution, and consistent recovery
following the imposed operating changes were achieved. All controller evaluations were subsequently
performed using this fixed parameter set.
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Figure 10. Q-learning supervisory behaviour, including selected gain mode, reward evolution, normalised error
measures, reward-error relation, and final Q-table.

Table 21. Model predictive control parameters and tuning settings.

Parameter Symbol Value

Reference filter coefficient Vier ¢ 0.82 previous + 0.18 new
PV-voltage filter coefficient Vou ¢ 0.72 previous + 0.28 new
Prediction horizon H 14

Candidate duty set AD [-3,-2,-1,0,1, 2, 3]dpase
Base duty step dpase 1.5 X 1074+ 7.0 X 10 Wz, mpc
Voltage-tracking weight - 5.0
Output-voltage weight - 1.0 x 1074
Duty-movement penalty - 120

Final duty smoothing - 0.75Dprey + 0.25Dpest

Table 22. Quantitative performance comparison of the investigated MPPT controllers.

Controller ESRT (s) SST (s) DST-1 (s) DST-2 (s) Prin,1 (KW) Post-step power retention (%) Rank
P&O 0.72 0.75 0.13 0.16 13.2 82.5 4
INC 0.20 0.23 0.04 0.05 14.1 88.1 2
QGFSMC 0.05 0.06 0.02 0.02 15.9 99.4 1
MPC 0.44 0.48 0.12 0.14 133 83.1 3

ESRT: effective startup rise time; SST: startup settling time; DST-1 and DST-2: settling times following the operating changes at t = 1s and
t = 1.5, respectively. Ryin 1 denotes the minimum PV power immediately following the t = 1 s operating transition. Post-step power retention is
calculated relative to the 16 kW MPP reference after the first operating transition.

7. Future work

Future work will transfer the complete QGFSMC framework from the present simulation environment to
a laboratory-scale experimental PV power-conversion platform while preserving the same controller
structure and operating scenarios. The proposed testbed will comprise a commercial PV module or
programmable PV-array emulator, a laboratory DC-DC boost converter equipped with suitable MOSFET/
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Table 23. Qualitative computational comparison of the evaluated MPPT controllers.

Online
Method Main online operations Stored information Online optimisation training
P&O Power comparison and duty-cycle perturbation Previous operating values No No
INC Incremental voltage/current calculation, conductance Previous operating values No No
comparison, and duty update
MPC Plant prediction, candidate duty-cycle evaluation, cost- Plant/model parameters Yes No
function calculation, and selection
QGFSMC  State classification, Q-table lookup, fuzzy inference, sliding/ 18 Q-values, fuzzy rules, and No No
integral control, gain scheduling, and duty update controller parameters

IGBT switching devices and gate drivers, voltage and Hall-effect current sensors, and a real-time digital
controller such as a TI C2000 DSP or Speedgoat/Simulink Real-Time platform for executing the trained
QGFSMC policy and generating the PWM duty cycle. A programmable DC electronic load, digital
oscilloscope, power analyser, and appropriate isolation and protection circuitry will support measurement
and safe operation. The experimental programme will reproduce the irradiance, temperature, and distur-
bance profiles considered in the simulation study and compare QGFSMC with P&O, INC, and MPC using
the same performance indicators, thereby enabling direct simulation-to-hardware assessment of MPPT
convergence, transient response, tracking efficiency, computational latency, and robustness under practical
operating conditions.

8. Conclusion

This paper presented a novel hybrid MPPT control framework for PV boost energy conversion systems
based on the integration reinforcement learning control (Q-leanring), with hybrid fuzzy-SMC architec-
ture. The proposed controller was developed to improve the dynamic regulation of the boost converter
under rapidly changing operating conditions, with particular emphasis on faster convergence toward the
maximum power point, reduced steady-state oscillation, and stronger robustness against severe distur-
bances. By combining the adaptive decision-making capability of Q-learning with the nonlinear
reasoning of fuzzy logic and the robustness of integral sliding-mode compensation, the proposed
strategy provides a coordinated control structure that is both intelligent and resilient. The simulation
results confirmed that the proposed controller offers superior performance compared with the other
MPPT algorithms considered in this study. In particular, the proposed method achieved faster rise and
settling characteristics, improved tracking smoothness, and better stability of the PV operating point
during abrupt irradiance and temperature variations. Unlike conventional and benchmark algorithms,
whose performance degrades under strong transients due to oscillation, slower convergence, or limited
disturbance rejection, the developed controller maintained more reliable tracking of the maximum
power point and produced a more stable duty-cycle evolution in the boost converter. This demonstrates
that the proposed approach is more effective for handling strong disturbances and complex nonlinear
operating conditions. Overall, the developed Q-learning-fuzzy-integral sliding MPPT controller con-
stitutes a more advanced and effective solution for boost-converter-based PV systems than the state-of-
the-art algorithms implemented in the simulation study. The results show that the proposed method not
only improves energy extraction performance, but also enhances converter stability, dynamic robust-
ness, and operational reliability, making it a promising candidate for high-performance photovoltaic
energy conversion applications.
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Appendix

Table A1. Summary of principal symbols, converter parameters, adaptive gains, and reinforcement-learning variables
used in the proposed QGFSMC MPPT framework.

Symbol Meaning Value/Range Description
Vo PV voltage Dynamic Measured photovoltaic input voltage.
lov PV current Dynamic Measured photovoltaic array current.
Pov PV power Vo lpy Extracted PV power used for MPPT tracking.
Voc Open-circuit voltage 184V Maximum PV voltage at zero current.
Ise Short-circuit current 80.8A Maximum PV current at zero voltage.
Vinpp MPP voltage 150V Voltage corresponding to maximum power point.
Impp MPP current 735A Current corresponding to maximum power point.
D Duty cycle 0.05 <D <0.95 Boost-converter PWM switching ratio.
L Converter inductance 2mH Energy-storage inductance reducing current ripple.
Cin Input capacitor 470 u F Stabilises PV-side voltage ripple.
Cout Output capacitor 470 u F Stabilises DC output voltage.
Load resistance 200 Equivalent converter output load.
dt Simulation step size 5% 105 s Numerical integration step used in simulation.
Tetnl Control update period 1%x103s Sampling period of MPPT controller.
etk Tracking error Dynamic Difference between reference and measured PV voltage.
ek Error derivative Dynamic Rate of change of tracking error.
e’_(k) Integral error Dynamic Accumulated tracking deviation.
el Normalised error [-1, 1] Scaled tracking error for fuzzy/RL stability.
de,‘,k) Normalised derivative error [-1, 1] Scaled derivative error for transient analysis.
ei,‘,“ Normalised integral error [-1,1] Scaled accumulated error signal.
uf(k’ Fuzzy output Dynamic Raw fuzzy-controller correction signal.
uf(kf) Filtered fuzzy output Dynamic Smoothed fuzzy-control action.
stk) Sliding surface Dynamic Combined PID-type sliding variable.
K¢ Fuzzy gain Adaptive Controls fuzzy correction strength.
K Sliding gain Adaptive Controls sliding-mode aggressiveness.
K; Integral gain Adaptive Controls integral compensation strength.
Wiar Distance weighting 0->1 Indicates distance from MPP operating point.
AD Duty increment Dynamic Duty-cycle correction increment.
Qg4 Duty smoothing factor 0.05 > 0.95 Low-pass filtering strength of duty command.
Q(s, a) Q-table value Adaptive Reinforcement-learning state-action quality estimate.
aqL Learning rate 0.35 RL learning update speed.
YoL Discount factor 0.95 Importance weighting of future rewards.
€ Exploration factor 0.25 > 0.02 Exploration-exploitation balancing parameter.
mK¢ Fuzzy gain multiplier 035> 3.20 Adaptive fuzzy gain scaling factor.
mK; Sliding gain multiplier 0.45 > 2.80 Adaptive sliding-gain scaling factor.
mK; Integral gain multiplier 0.70 > 1.50 Adaptive integral-gain scaling factor.

mDjim, Duty increment multiplier 035 > 3.20 Maximum allowable duty-cycle movement factor.
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Table A2. Explanation of weighting coefficients, normalisation constants, adaptive smoothing laws, and reinforcement-
learning tuning parameters used in the proposed controller.

Coefficient/

Parameter Meaning Typical Value/Range Purpose and Physical Interpretation

0.70, 0.30 in Vyer Reference smoothing 70% previous +30% new  Low-pass filtering of MPP reference. Larger previous-value
coefficients weight reduces abrupt reference jumps and suppresses

0.55, 045 in Vj, ¢
0.45, 0.55 in &
0.99 in e; update
0.20 before de,
0.10 before ei,
2.6 in tanh(2.6s)
14.0 in reward
1.5 in reward

0.3 in reward
60.0 in reward

0.82 > 0.62 Wy,
0.08 Vye, 0.12 Vi

1.1 x 1073,
35 x 1073
1.2 x 1074,
45 x 1074
2.0 x 1074,
28 x 1073

Measurement filter
coefficients

Derivative filter
coefficients

Integral memory
coefficient

Derivative weighting
factor

Integral weighting factor

Sliding sensitivity factor

Error penalty weight
Error-derivative penalty

Integral-error penalty

Duty-cycle activity
penalty

Adaptive smoothing law

Normalisation
denominators

Fuzzy gain base/adaptive
terms

Sliding gain base/
adaptive terms

Duty-limit coefficients

55% previous + 45%
measured
Weighted smoothing
99% previous memory
Empirically tuned
Empirically tuned
Fixed nonlinear slope
Strong penalty

Moderate penalty

Small penalty
Strong penalty

Variable smoothing
Adaptive scaling ranges
Adaptive

Adaptive

Adaptive bound

oscillation during irradiance changes.

Smooths PV voltage measurement while preserving adequate
dynamic response.

Reduces high-frequency noise amplification caused by
derivative computation.

Provides slow decay of integral accumulation while preventing
uncontrolled integrator growth.

Gives moderate influence to transient dynamics without
making the controller overly sensitive to noise.

Prevents excessive integral dominance while still improving
steady-state accuracy.

Controls steepness of the hyperbolic tangent transition. Larger
value increases switching aggressiveness and disturbance
rejection.

Makes RL prioritise rapid reduction of tracking error.

Penalises excessive transient oscillation and rapid voltage
variation.

Prevents long-term accumulated steady-state offset.

Suppresses excessive duty-cycle chattering and aggressive
switching activity.

Provides stronger filtering near MPP and faster response when
far from MPP.

Normalise signals into [-1, 1] while preserving numerical

stability and consistent fuzzy inference operation.

Small baseline gain ensures stable operation; added weighted
term increases aggressiveness during large tracking errors.

Sliding gain increases when operating point moves far from
MPP to improve robustness.

Restricts excessive duty-cycle jumps while still allowing fast
transient correction.
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