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1. INTRODUCTION

The increasing demand for renewable energy has intensified the need for efficient photovoltaic (PV)
power conversion systems [[1]], [2. However, due to the nonlinear characteristics of PV modules, the maxi-
mum power point (MPP) varies with irradiance and temperature, which makes reliable maximum power point
tracking (MPPT) a critical challenge [3]-[3].

Conventional MPPT methods such as perturb and observe (P&O) and incremental conductance (Inc-
Cond) are widely used because of their simplicity and low computational cost, but they often suffer from slow
convergence, steady-state oscillations, and poor performance under rapidly changing irradiance or partial shad-
ing conditions [6]], [[7]. To address these limitations, advanced MPPT techniques based on fuzzy logic, neural
networks, and sliding mode control (SMC) have been widely investigated [8]—[12]. Fuzzy controllers improve
adaptability but require extensive tuning and lack stability guarantees. RBF neural networks can approximate
nonlinear PV dynamics but may suffer from limited robustness, while SMC provides strong robustness against
uncertainties at the expense of chattering effects [8]], [L3]—[L7].
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Recent studies have further explored intelligent control strategies to enhance PV system performance.
For instance, nonlinear autoregressive with eXogenous inputs (NARX)-radial basis function (RBF) neural net-
works have been applied to hybrid energy storage systems in microgrids, enabling improved prediction capa-
bility and adaptive energy management under fluctuating renewable generation conditions [18]]. Comparative
studies on RBF neural network-based MPPT algorithms have also been conducted for different direct current
(DC)-DC converter topologies, demonstrating improved tracking accuracy and dynamic response compared
with conventional MPPT approaches [19]. Furthermore, fuzzy logic-based MPPT controllers implemented
in three-level DC—DC converters have shown improved steady-state performance and reduced oscillations in
PV applications [20]. Advanced type-2 fuzzy logic control strategies have also been proposed for multi-level
quadratic boost converters, providing enhanced robustness against parameter uncertainties and environmental
disturbances [21]. In addition, neural-network-based optimization techniques have been employed to improve
the efficiency of multi-level boost converters in PV systems, achieving higher energy conversion efficiency
and improved dynamic performance [22]]. Although hybrid control schemes combining SMC with fuzzy logic
or neural networks have been proposed to alleviate chattering and improve adaptation [IL1], [12], [23], [24],
several open issues remain. Most existing designs neglect parameter variations in the converter or PV module,
assume ideal sensor conditions, or rely on fixed control gains that limit performance under rapidly changing ir-
radiance. Moreover, fuzzy tuning alone may be insufficient to compensate for unmodeled nonlinearities, while
RBF-based schemes without switching adaptation may exhibit slow response and degraded transient accuracy.

Furthermore, many existing hybrid MPPT strategies address nonlinear approximation and controller
gain tuning separately. In fuzzy—SMC approaches, fuzzy logic is typically used to regulate switching gains
without explicitly compensating for unknown nonlinear dynamics of the PV—converter system. Conversely,
RBF-based MPPT methods mainly focus on approximating nonlinear system behavior while relying on fixed
control parameters, which may limit robustness under rapidly changing environmental conditions. Therefore,
an integrated adaptive control framework capable of simultaneously addressing nonlinear uncertainties, gain
adaptation, and robustness enhancement remains an important research challenge. Despite these advances,
recent findings indicate that under harsh operating conditions—such as rapidly changing irradiance, partial
shading, and measurement noise—traditional MPPT methods, as well as standalone artificial intelligence (AI)-
based techniques, may still fail to deliver satisfactory efficiency [14]], [24], [25]. This motivates the integration
of adaptive RBF networks with SMC, which can simultaneously guarantee robustness and enhance tracking
accuracy [15]-[17]. Unlike prior hybrid MPPT controllers, the approach proposed in this paper integrates
adaptive RBF approximation with a SMC structure whose switching gain is dynamically tuned through a fuzzy
logic mechanism. In this coordinated framework, the RBF neural network estimates the unknown nonlinear
dynamics of the PV—converter system in real time, while the sliding mode controller guarantees robust con-
vergence in the presence of parameter uncertainties and disturbances. Meanwhile, the fuzzy logic mechanism
dynamically regulates the switching gain to suppress chattering without sacrificing robustness. Furthermore,
the stability of the overall closed-loop system is rigorously analyzed using Lyapunov theory, ensuring bounded-
ness of all signals and convergence toward the maximum power operating point. Such a robust MPPT strategy
is particularly important for practical renewable energy applications, including standalone PV systems, PV-
battery charging systems, and microgrid-based distributed energy systems where environmental conditions and
load demand frequently change. By improving tracking accuracy and reducing steady-state power oscillations,
the proposed control approach can enhance energy harvesting efficiency and improve the reliability of power
electronic converters used in modern PV energy systems.

Building on this motivation, this paper proposes an integrated RBF-SMC—fuzzy control strategy for
PV MPPT systems. In the proposed method, the RBF network adaptively estimates the nonlinear and uncer-
tain dynamics of the PV—converter system, the SMC structure guarantees robust convergence under parameter
perturbations, and the fuzzy logic mechanism dynamically regulates the switching gain to suppress chattering.
The main objectives are to: i) accelerate convergence toward the MPP, ii) minimize steady-state power oscil-
lations, and iii) maintain robustness against parameter uncertainties, measurement noise, and rapid irradiance
fluctuations.
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2. METHOD
2.1. Mathematical model of the photovoltaic-buck converter

Accurate mathematical modeling is essential for developing effective control strategies in PV systems.
In the configuration considered, a PV array supplies energy to a buck converter, which regulates the operating
point of the PV source to extract maximum power. This subsection presents the nonlinear electrical model
of the PV module, the averaged dynamic model of the buck converter, and the unified system representation
suitable for control design.

The PV module is commonly represented by the single-diode equivalent circuit, which provides an
appropriate balance between model accuracy and computational simplicity. The output current of the PV array
can be expressed as (1):

Q(V vt vRs)
PP_1>_V;,U+IPURS 0

I = h — IO e nkT
pv p Rsh ’

where V,,, and I, denote the PV terminal voltage and current, respectively. The parameters include the
photocurrent I,,5,, reverse saturation current I, series resistance 2, shunt resistance Ry, diode ideality factor
n, temperature 7', electron charge ¢, and Boltzmann constant k. In (1) captures the nonlinear -V characteristic
of the PV module and the existence of a unique MPP.

To interface the PV array with the load, a buck converter is employed owing to its simple structure
and high efficiency. Let iy, be the inductor current, v, the output voltage, and d € [0, 1] the duty ratio of the
pulse—width modulation signal. The schematic structure of the PV—buck converter considered in this study is
illustrated in Figure |1} The converter regulates the PV operating voltage through the duty ratio of the switching
device.
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Figure 1. Schematic diagram of the PV-buck converter system used in the proposed MPPT framework
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By applying Kirchhoff’s laws and using the averaged modeling approach, the dynamics of the buck
converter are given by (2):

=V, — (1= d)v,, Cd;;" = (1—d)ig, —

Uo

dig,
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dt
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where L, C, and R represent the inductance, output capacitance, and load resistance, respectively. By com-
bining the PV source model with the converter equations, the overall system can be expressed in a compact
nonlinear form:

&= f(z)+g(x)u+06(t), (3)

with the state and control input defined as = [ir,v,]T, u = d. Here, f(x) and g(z) denote the intrinsic
nonlinear dynamics of the converter, while §(t) captures parameter uncertainties and external disturbances.

2.2. Control problem formulation

The control objective of the MPPT problem is to regulate the duty ratio d(¢) such that the instantaneous
PV output power Py, (t) = Vpy(t)Ipy (t) tracks the MPP value P, () corresponding to the optimal voltage
reference V,..¢(t). In other words, the controller continuously adjusts d(t) to drive the PV operating point
toward V. ;(t), where P, reaches its peak value under varying irradiance and temperature conditions. Because
the PV-buck system exhibits strong nonlinearity and is subject to parameter uncertainties and environmental
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disturbances, conventional linear controllers fail to maintain accurate power tracking. Hence, an adaptive
and robust control strategy is required to guarantee reliable MPP regulation under time-varying and uncertain
conditions. This motivates the development of the integrated RBF-SMC—fuzzy controller described in the
following section.

2.3. Integrated RBF-SMC-fuzzy controller design

Designing an MPPT controller that is both robust and smooth requires combining three complemen-
tary features: i) adaptive approximation of unknown dynamics, ii) robust sliding-mode convergence, and iii)
chattering reduction via fuzzy gain scheduling. This subsection presents the control architecture, RBF approx-
imation mechanism, fuzzy gain regulation, and the resulting control law.

2.3.1. Control objective and sliding surface

The control objective is to regulate the PV terminal voltage V), so that it tracks a reference V;..f(t)
corresponding to the MPP. Define the tracking error e(t) = V,,(t) — Vies(t). A first-order sliding surface is
selected as (4):

s(t) = é(t) + Ne(t), A >0, “)

where A determines the desired convergence rate of the voltage tracking error. When s(¢) — 0, both e(¢) and
é(t) tend to zero, implying exponential convergence of V,,, to V,..;. The linear sliding surface in (4) is chosen
because it offers a good balance between simplicity, fast convergence, and ease of stability analysis. Unlike
higher-order or nonlinear sliding manifolds that require additional state derivatives, the first-order form ensures
a straightforward Lyapunov proof and is well suited for real-time MPPT control where only V,,, and I,,, are
measurable. Moreover, the parameter A allows flexible adjustment of the dynamic response: larger A yields
faster error convergence, while smaller A provides smoother control with reduced switching effort.

2.3.2. Radial basis function neural network for uncertainty approximation
Assume the system dynamics can be written in the form (as in (3))

&= f(z) + g(x)u + Az, t), (5)

where A(x,t) represents unknown nonlinearities and disturbances.

Adopt a RBF neural network to approximate the unknown nonlinear term A(x,t). The RBF neural
network employed in this work adopts a three-layer feedforward structure consisting of an input layer, a hidden
layer with radial basis neurons, and a linear output layer. The input layer receives the system state vector
x = [ir,v,]T. In the hidden layer, each neuron computes a Gaussian RBF.

() — = ol?
@) —exp( T‘JZ ) 6)

where ¢; and o; denote the center and width of the jth basis function. The output layer performs a linear
combination of hidden-layer outputs to produce the approximation.

Ala,t) =) Wip;(=), (7)
j=1

which can be written compactly as (8):
Az, t) = WTe(), @®)

where () = [p1(2), ..., om(2)]T and W € R™ are adaptive weights.
The weight adaptation is governed by a gradient-like learning law augmented with projection to main-
tain bounded estimates:

VLV:'ygo(ac)s—H(W), 9)

where 7 > 0 is the learning gain and I1(-) denotes a projection operator that enforces [W]| < Wiax. The
projection is implemented so that when ||W || > W,.x the update is modified to prevent further growth.
Assume there exists an ideal weight vector W* and a bounded residual such that:

A('Tat) = W*T@(J‘) =+ €($vt)7 ||€($at)|| S €max- (10)
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2.3.3. Fuzzy gain scheduler

To mitigate chattering while retaining robustness, adopt a fuzzy inference system (FIS) that adjusts
the switching gain K in real time based on the sliding variable and its rate: Ky = FIS(||s|, [|s]]).

Inputs are X; = ||s|| and X2 = ||$||. Use three triangular membership functions for each input: Small
(S), Medium (M), Large (L). The output is AK (increment to a baseline Kj), and Ky = Ko+ AK is clamped
t0 Kmin < Ky < Kpax. A compact 3-by-3 fuzzy rule base is given in Tablem

Table 1. Fuzzy rule base for adaptive switching gain Ky

[EINE S M L
S AK = ks AK=0 AK=kn
M AK =0 AK=kn AK=k
L AK =k, AK=k, AK=Fk

where ks < 0, k,,, > 0, and k, > k,, are design constants. Mamdani inference with centroid defuzzification is
recommended.

24. Control law
By differentiating s(¢) and substituting (3), the sliding dynamics can be expressed as (11):

$=b(x)u+ q(z,t), (11)

where b(x) > 0 is the equivalent control gain and ¢(z, t) collects all remaining terms including A(z,t). The
control input u = d(t) (i.e., the duty ratio) is then defined as (12):

1 ( A ]
w=——(Alz,t) + K¢ (s, sat(—)), (12)
i (A 1)+ K s i
where ¢ > 0 defines the boundary layer thickness and sat(z) is a continuous approximation of the sign func-
tion:

_ Jsen(z), |zl > 1,
sat(z) = {z, 1ol < 1. (13)

Substituting (12) into (11) yields the closed-loop sliding dynamics

§= —K;(s,8) sat(%) + Az, 1), (14)

where A(z,t) = A(z,t) — A(z, ) denotes the residual approximation error.

Remark 1 For implementation, s should be filtered to reduce sensor noise before entering the fuzzy module.
The boundary layer ¢ must be selected small enough for accurate tracking yet large enough to avoid chattering
due to quantization or sampling. Moreover, the parameters Wy, and vy must balance adaptation speed and
stability, with projection ensuring bounded neural weights.

Remark 2 The RBF neural network employs a compact structure with a limited number of radial basis neurons
to approximate the nonlinear PV—-converter dynamics. The fuzzy inference system uses a small rule base to
regulate the switching gain of the sliding mode controller based on the sliding surface and its derivative. This
configuration enables effective uncertainty compensation and chattering suppression while maintaining low
computational complexity suitable for real-time implementation.

The implementation procedure of the proposed RBF-SMC—fuzzy MPPT controller is summarized in Algorithm
1, which outlines the sequential operations performed at each sampling instant.
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Algorithm 1. RBF-SMC—fuzzy MPPT control algorithm

. Initialize parameters A\, ¢, v, Winax, Ko

1
2: loop
3:  Measure PV voltage V), and current I,,,,
4:  Compute reference voltage V;..¢
5. Compute tracking error

€= Vp'u — Vre f
6:  Compute sliding surface

s=¢é-+ de

7. Estimate uncertainty using RBF network

Az, t) = W o(x)

8:  Update neural weights .
W = yp(x)s — TI(W)

9:  Compute adaptive switching gain
Ky = FIS(s]l, [13]1)

10:  Compute duty ratio

d = —ﬁ (A(x, t) + K sat (2))

11:  Update PWM duty cycle
12: end loop

2.5. Stability analysis
Stability is established using Lyapunov analysis. Consider the candidate function:

- 1 1 -~ -
V(s,W) = 552 + ZWTW, (15)

where W = W* — W is the weight estimation error. Differentiating (15) along the trajectories of (14) and
using (9) gives

PR e o e ot( S T Lo
V=i W W—s(—Kfsat($)+A>—W pot WD), (16)

Using (10), we have A = ¢ + W T, which simplifies (16) to

V = —sKysat(s/¢) + se + %WTH(W) (17)

Since W TII(TW) < 0 by design of the projection, it follows that
V < —sKpsat(s/¢) + ||5] emax- (18)
Using the inequality ssat(s/¢) > ||s|| — ¢, we obtain

V < —(Kf — ema)|ls] + Kf¢. (19)
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If K¢(t) > emax, V < 0 whenever ||s|| > KKf¢

e implying that s(t) enters the compact set

§={s: [ < 712},

Kf — €max

Since Ky is bounded, all closed-loop signals are uniformly ultimately bounded, and s(t) converges to a small
neighborhood of zero. By using sufficiently rich RBF bases (small €,,,,x) and a thin boundary layer ¢, this
neighborhood can be made arbitrarily small. In the ideal case £,,x — 0 and ¢ — 0, asymptotic convergence
s(t) — 0 is achieved.

3.  RESULTS AND DISCUSSION

The performance of the proposed RBF-SMC—fuzzy MPPT control scheme was evaluated through
detailed simulations in MATLAB/Simulink. A 2000 W PV array, modeled using the single-diode equivalent
circuit, was connected to a buck converter operating at a switching frequency of 10 kHz. The converter pa-
rameters were set as L. = 7 mH, C = 108 uF, C;, = 470 uF, and R = 1.2 ). To examine robustness,
the inductance L and load resistance R were varied by +20% from their nominal values during the simula-
tions. The PV array consisted of two parallel strings, each composed of four series-connected panels with
open-circuit voltage V;,. = 36.3 V, short-circuit current I, = 7.84 A, and MPP values of V,,,;, = 29 V and
I, = 7.35 A. The irradiance profile used in the simulations consists of step changes from 1000 W/m? to
500 W/m? at ¢ = 0.5 s. Gaussian measurement noise with a standard deviation of 0.5% was also introduced
to emulate sensor uncertainty. A fixed-step discrete solver with a sampling interval of At = 100 us was used
to emulate the real-time behavior of a digital controller. The complete simulation model was developed using
Simscape Electrical, as illustrated in Figure [2] to ensure realistic representation of converter switching and PV
characteristics.
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Figure 2. Simulink-Simscape model of the proposed RBF-SMC-fuzzy control system

<I_PV>

The RBF neural network employed five Gaussian basis nodes distributed uniformly across the PV
voltage range of 10-100 V, each with width o; = 3. The adaptive learning rate was set to v = 10, and the
neural weights were limited by a projection bound of W, = 10 to ensure numerical stability. In the SMC
design, A = 20 was selected for the sliding surface slope and ¢ = 0.05 for the boundary layer thickness.
A fuzzy inference mechanism dynamically tuned the switching gain Ky according to |s| and || using three
triangular membership functions—Small, Medium, and Large. This structure allowed the controller to balance
fast convergence with reduced chattering during steady-state operation.

Two load scenarios were simulated to validate control performance: i) a purely resistive load and ii)
a nonlinear battery charging load. Unless otherwise specified, simulations were conducted under standard test
conditions to analyze transient speed, steady-state precision, and robustness to irradiance variations.
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3.1. Scenario 1: resistive load

Figures [3(a)—(c) show the PV voltage, current, and power under a resistive load during irradiance
variation. The proposed RBF—-SMC—fuzzy controller accurately regulates the PV voltage to its MPP reference
and achieves convergence within approximately 40 ms after each change. Both current and power exhibit
smooth transitions with minimal overshoot and low steady-state ripple, indicating stable MPPT operation under
varying environmental conditions.
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Figure 3. PV voltage, current, and power under resistive load with irradiance variation: (a) PV voltage, (b) PV
current, and (c) PV power

3.2. Scenario 2: battery charging load

In this case, the PV-buck converter charges a 48 V /100 A battery characterized by nonlinear voltage—
current behavior. Figure [ shows the PV power tracking, while Figures [5(a) and (b) present the battery voltage
and current profiles. The controller maintains PV operation close to the MPP across both irradiance levels with
negligible steady-state deviation. The PV power tracks the reference within approximately 20 ms after each
irradiance change, while the battery voltage and current remain stable and smooth, indicating reliable energy
transfer during the charging process.
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Figure 4. PV power response under battery
charging conditions during irradiance change

Figure 5. Battery charging characteristics during
irradiance change: (a) battery voltage and (b)
battery current

3.3. Comparative evaluation
To benchmark performance, the proposed controller was compared with two widely used MPPT strate-
gies: the conventional P&O and the classical SMC-based algorithms. All controllers were implemented under
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identical converter parameters and PV conditions to ensure a fair comparison. The key performance metrics—
including settling time, voltage ripple, tracking efficiency, and chattering amplitude—are summarized in Ta-

ble2

Table 2. Quantitative comparison of MPPT performance under resistive load

Metric P&0O  Classical SMC  Proposed RBF-SMC-fuzzy
Settling time (ms) 120 58 20

Voltage ripple (%) 4.1 2.3 1.2

Tracking efficiency (%) 93.8 96.8 99.2

Chattering amplitude (V)  0.85 0.46 0.16

The second and third rows of Table [2| represent the measured voltage ripple and tracking efficiency,
respectively. For quantitative comparison, the relative improvement for a performance metric M is calcu-
lated as Improvement(%) = % x 100, where Mpaseline and Mproposed denote the metric values
of the baseline (P&O or SMC) and proposed controllers. Similarly, the chattering reduction rate is defined as
Reductionghy (%) = M x 100. According to Table the proposed method reduces chattering by
approximately 81.2% compared with P&O and 65.2% compared with classical SMC.

As summarized in Table[2] the proposed RBF-SMC—fuzzy controller outperforms both P&O and clas-
sical SMC across all performance metrics, achieving the shortest settling time, the lowest voltage ripple, and
the highest tracking efficiency. When the irradiance decreases from 1000 W /m? to 500 W /m?, the controller
reacquires the new MPP within 20 ms, whereas P&O and SMC exhibit noticeable oscillations before reaching
steady state. These results demonstrate the superior dynamic performance, robustness, and steady-state accu-
racy of the proposed MPPT strategy under varying operating conditions. To assess statistical robustness, the
simulations were repeated under multiple irradiance transition scenarios with random variations. The average
MPPT efficiency remained above 99% with a standard deviation below 0.3%, indicating consistent controller
performance. To evaluate the robustness of the proposed controller, a sensitivity analysis was conducted by
varying key controller parameters, including the RBF neural network learning rate + and the fuzzy gain param-
eters. Additional simulations were performed by perturbing these parameters within +20% of their nominal
values. The results indicate that the proposed RBF-SMC—fuzzy controller maintains stable MPPT operation
with small steady-state oscillations under these parameter variations, while preserving a tracking efficiency
above +98.5%. This confirms the robustness of the proposed control strategy against controller parameter
uncertainties.

To further illustrate the contribution of each component, an ablation study was conducted by pro-
gressively integrating the RBF neural network and fuzzy gain tuning into the baseline SMC controller. As
shown in Table [3| the RBF neural network enhances the compensation of nonlinear PV—converter dynamics,
improving tracking efficiency, while the fuzzy gain tuning mechanism mitigates voltage oscillations caused by
switching chattering. By combining these complementary mechanisms with the inherent robustness of SMC,
the proposed RBF-SMC—fuzzy controller achieves improved tracking performance and reduced steady-state

ripple.

Table 3. Component contribution analysis of the proposed RBF-SMC—fuzzy MPPT controller

Controller configuration Efficiency (%)  Voltage ripple (%)
SMC only 95.8 2.6
SMC+RBF 98.1 2.1
SMC+fuzzy 96.9 1.6
Proposed RBF-SMC—fuzzy 99.2 1.2

3.4. Discussion

The simulation outcomes demonstrate that the proposed RBF-SMC—fuzzy MPPT controller achieves
a desirable balance between robustness, adaptability, and smoothness. The improved tracking performance
arises from the complementary roles of the three control layers: SMC ensures robust convergence, the RBF
network compensates system uncertainties, and the fuzzy mechanism suppresses switching chattering. By
combining the sliding-mode robustness, neural adaptive estimation, and fuzzy gain regulation, the controller
exhibits excellent disturbance rejection while significantly mitigating chattering—a common issue in high-
frequency switching control. The RBF neural network enhances uncertainty compensation by approximating
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unknown nonlinear dynamics in the PV—converter system. Through adaptive estimation of these uncertainties,
the controller reduces modeling errors and improves voltage regulation accuracy near the MPP. Both resistive
and nonlinear battery load tests validate that the proposed approach can sustain high tracking accuracy and
stable operation under realistic irradiance variations. Although the proposed controller shows robust MPPT
performance under the tested irradiance variations, extreme conditions such as severe partial shading or rapid
temperature fluctuations may introduce additional nonlinearities and dynamic disturbances. In such scenarios,
the controller may require further adaptation mechanisms or enhanced estimation strategies to maintain optimal
tracking performance.

Remark 3 The computational complexity of the proposed RBF-SMC—fuzzy controller mainly involves the eval-
uation of Gaussian RBFs and fuzzy inference for switching gain regulation. These operations require only basic
arithmetic computations and can be efficiently implemented on modern digital control platforms such as DSP
or FPGA-based systems, making the proposed method suitable for real-time PV power conversion applications.

4. CONCLUSION

An integrated RBF-SMC—fuzzy control strategy for PV MPPT is proposed, combining sliding-mode
robustness, RBF-based nonlinear approximation, and fuzzy gain tuning to achieve fast tracking with reduced
chattering. Simulation results under both resistive and battery charging loads demonstrate high tracking effi-
ciency (above 99%) with reduced voltage ripple and improved transient performance. More specifically, the
proposed controller achieves a settling time of approximately 20 ms following irradiance transitions, a voltage
ripple of about 1.2%, and a significant reduction of chattering amplitude compared with conventional MPPT
approaches. Overall, the proposed RBF-SMC-fuzzy controller provides a robust and computationally efficient
MPPT solution suitable for real-time PV energy conversion systems. Although the proposed controller shows
promising simulation results, several practical aspects should be considered for real-world implementation.
Sensor noise in voltage and current measurements may affect MPPT accuracy, and switching stress in power
electronic devices requires further evaluation. Future work will therefore focus on experimental validation us-
ing real PV hardware, including tests under sensor noise and partial shading conditions, as well as assessment
of switching stress and overall system efficiency.
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