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Abstract

Maximum Power Point Tracking (MPPT) is essential for maximizing photovoltaic (PV)
energy extraction under changing operating conditions. This paper investigates a two-
stage machine-learning framework combining K-means or fuzzy C-means (FCM) cluster-
ing of irradiance–temperature conditions with region-specific support vector regression
(SVR), Gaussian process regression (GPR), and bagged ensemble trees (BET) to estimate
the maximum-power-point reference voltage. The predicted voltage is supplied to a
proportional–integral–derivative (PID)-controlled boost converter, and closed-loop perfor-
mance is evaluated in MATLAB R2024/Simulink under changing irradiance, temperature,
and load. Under the original evaluation protocol, two-cluster K-means—BET achieved the
lowest MAE among the K-means prediction configurations, whereas integrated-energy
rankings did not consistently follow voltage-prediction rankings. An additional leakage-
controlled assessment used 70% of data for training and 30% for independent test observa-
tions, with clustering, standardization, and five-fold cross-validated Bayesian hyperparam-
eter optimization performed using training observations only. In this stricter comparison,
unclustered SVR achieved the lowest overall MAE, while FCM with three clusters improved
BET MAE by approximately 9.7%. These results show that clustering benefits depend on
the regression model and evaluation protocol. The closed-loop energy findings apply to
the original simulated configurations; the new strict hold-out models were not separately
tested in closed-loop simulation. Hardware implementation and broader-dataset validation
remain future work.

Keywords: photovoltaic systems; maximum power point tracking; machine learning;
clustering; gaussian process regression; ensemble learning; support vector regression;
renewable energy
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1. Introduction
The increasing global demand for clean and sustainable energy has accelerated the

deployment of photovoltaic (PV) systems as one of the most promising renewable energy
technologies. Solar energy offers a viable solution for reducing greenhouse gas emissions,
mitigating climate change, and decreasing dependence on fossil fuels. Despite these
advantages, the relatively low energy conversion efficiency of PV systems remains one of
the major challenges limiting their widespread utilization [1–4].

The output characteristics of a PV module are highly dependent on environmental
conditions, particularly solar irradiance and cell temperature. Variations in these param-
eters caused by cloud cover, atmospheric particles, seasonal changes, and other weather
conditions continuously alter the operating point of the PV system, leading to signifi-
cant fluctuations in the generated power [5]. Consequently, ensuring that the PV system
operates continuously at its Maximum Power Point (MPP) is essential for maximizing
energy harvesting and improving the overall efficiency and economic viability of solar
installations [3,5,6].

Maximum Power Point Tracking (MPPT) algorithms have therefore become an integral
component of modern PV systems. Their primary objective is to continuously identify
the optimal operating voltage corresponding to the MPP under changing environmen-
tal conditions. Over the past decades, numerous MPPT techniques have been proposed,
ranging from conventional methods to advanced optimization and artificial intelligence
approaches [3,4,7]. Conventional techniques are generally simple to implement but often
suffer from steady-state oscillations, slow convergence, or degraded performance under
rapidly changing environmental conditions. These limitations have motivated researchers
to investigate intelligent data-driven alternatives capable of modeling the nonlinear charac-
teristics of PV systems more accurately.

Recent advances in Machine Learning (ML) have demonstrated considerable poten-
tial for improving MPPT performance [5,8–14]. Supervised learning methods have been
successfully employed to estimate the optimal reference voltage directly from environmen-
tal measurements, thereby reducing tracking errors and improving convergence speed.
Meanwhile, unsupervised learning techniques have been explored to identify hidden struc-
tures within PV operating conditions without requiring labeled data. Collectively, these
approaches demonstrate the capability of ML to address the nonlinear relationship between
environmental variables and the optimal operating point of PV systems.

Among supervised learning techniques, Support Vector Regression (SVR) has received
considerable attention because of its strong generalization capability and effectiveness in
nonlinear regression problems [15–17]. Gaussian Process Regression (GPR) provides a
probabilistic framework that combines high prediction accuracy with uncertainty model-
ing, making it particularly attractive for complex nonlinear estimation problems [18,19].
Ensemble learning methods, such as Bagging Ensemble Trees (BET), have also demon-
strated excellent predictive performance by combining multiple decision trees to improve
robustness while reducing prediction variance [20–23].

Although significant progress has been achieved in ML-based MPPT, most existing
approaches employ a single global prediction model that attempts to represent the entire
irradiance–temperature operating space. Since PV operating conditions exhibit substantial
variability and nonlinear behavior, learning a single global mapping can unnecessarily
increase model complexity and reduce prediction accuracy. Partitioning the operating
space into smaller and more homogeneous regions before regression has the potential to
simplify the learning problem and improve prediction performance. The computational
requirements of this architecture, however, depend on the selected regression model, model
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size, hardware architecture, and implementation platform and are not quantified in the
present study.

Although hybrid and machine-learning-based MPPT approaches have increasingly
been investigated, the role of machine learning within these frameworks varies considerably.
Existing approaches commonly employ machine-learning models for direct prediction of
the maximum-power operating point or combine intelligent prediction with conventional
or optimization-based MPPT techniques. In contrast, the present study investigates a two-
stage unsupervised–supervised learning architecture in which unsupervised clustering
is first used to partition the photovoltaic operating space into distinct operating regions,
followed by region-specific supervised regression for estimation. Specifically, K-means
and Fuzzy C-Means (FCM) are investigated for operating-region identification, while SVR,
GPR, and BET are evaluated as local regression models. The corresponding regression
models without clustering are also evaluated as global baselines, allowing the effect of
operating-region decomposition on prediction to be examined explicitly. The estimated
reference voltage is then employed by a PID-controlled DC–DC boost converter to regulate
the PV operating point and maximize power extraction VMPPVMPP.

The present framework should also be distinguished from the K-Nearest Neighbors
(KNN)-based hybrid MPPT method previously reported in [24]. In [24], K-Nearest Neigh-
bors is employed to identify operating conditions neighboring the current irradiance
condition and their associated maximum-power-point information, which is subsequently
used to restrict the duty-cycle search range for a local MPPT search under partial-shading
conditions. In contrast, the present study does not use KNN to define a restricted search
interval. Instead, K-means and FCM are employed as an unsupervised first stage to parti-
tion the irradiance–temperature operating space into operating regions, after which SVR,
GPR, and BET are trained as region-specific regression models for direct estimation of VMPP.
Furthermore, the corresponding global regression models without clustering are evaluated
as baselines to quantify the effect of the operating-region decomposition. Therefore, the
two studies employ different learning architectures and use machine learning for different
functions within the MPPT process.

The principal contribution of this work lies in the systematic investigation of operating-
region decomposition followed by region-specific supervised regression for VMPP estima-
tion, rather than in the individual clustering or regression algorithms themselves.

The main contributions of this work can be summarized as follows:

• A hybrid two-stage MPPT framework that combines unsupervised clustering with
supervised regression to improve the estimation of the optimum reference voltage.

• A comprehensive comparison between two clustering techniques (K-means and Fuzzy
C-Means) and three regression models (SVR, GPR, and BET) under multiple cluster-
ing configurations.

• An investigation of the impact of operating-space partitioning on regression accuracy,
demonstrating that selected clustering–regression configurations improve prediction
performance relative to their corresponding regression-only baselines.

• A closed-loop MATLAB/Simulink evaluation of the trained machine-learning models
within the complete MPPT system.

The remainder of this paper is organized as follows. Section 2 reviews the existing
literature on MPPT techniques and machine learning approaches for photovoltaic systems.
Section 3 presents the proposed methodology, including the PV model, machine learning
framework, and controller design. Section 4 discusses the results and comparative perfor-
mance evaluation. Finally, Section 5 concludes the paper and outlines possible directions
for future research.
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2. Literature Review
The performance of PV systems is strongly influenced by environmental conditions,

particularly solar irradiance and ambient temperature. Variations in these factors continu-
ously alter the current–voltage and power–voltage characteristics of PV modules, causing
the operating point to deviate from the MPP. Consequently, considerable research efforts
have been devoted to developing MPPT techniques capable of maintaining optimal opera-
tion under varying environmental conditions and maximizing the energy harvested from
PV systems [5].

Over the past several decades, numerous MPPT techniques have been proposed,
ranging from conventional control algorithms to advanced machine learning approaches.
These techniques differ considerably in terms of implementation complexity, convergence
speed, computational requirements, and robustness under dynamic operating conditions.
The following subsections provide an overview of the most widely adopted approaches
and highlight the motivation for the proposed hybrid framework.

2.1. Conventional MPPT Techniques

Conventional MPPT algorithms remain widely used because of their relatively sim-
ple implementation and modest computational requirements. Among these methods,
Perturb-and-Observe (P&O) is arguably the most extensively investigated and practically
implemented algorithm. The basic operating principle relies on perturbing the operating
voltage and observing the resulting change in output power. If the power increases, the
perturbation continues in the same direction; otherwise, the direction is reversed. Owing
to its simplicity, P&O does not require prior knowledge of the PV characteristics or direct
measurements of irradiance and temperature [4]. Reported efficiencies often exceed 97%
under steady operating conditions [25,26]. Nevertheless, the method suffers from steady-
state oscillations around the MPP and its performance deteriorates under rapidly changing
irradiance conditions.

Several improvements to the conventional P&O algorithm have been proposed to
overcome these limitations. Modified P&O techniques have demonstrated improved track-
ing speed and accuracy during sudden changes in irradiance [27], while other studies
introduced enhanced variants capable of reducing oscillations and improving convergence
characteristics [28]. Dual-mode implementations have also been investigated and experi-
mentally validated, offering improved performance while maintaining a relatively simple
hardware implementation that requires only voltage and current measurements [29,30].

Besides P&O, other conventional MPPT approaches have been extensively explored,
including Incremental Conductance (INC), Parasitic Capacitance (PC), Constant Voltage
(CV), Particle Swarm Optimization (PSO), and Ant Colony Optimization (ACO) [25,31–33].
Although these methods have demonstrated satisfactory performance in many applications,
they generally remain sensitive to abrupt environmental changes and often exhibit oscilla-
tory behavior around the operating point, motivating the development of more adaptive
and intelligent MPPT techniques.

2.2. Machine Learning-Based MPPT

Recent advances in machine learning have significantly expanded the range of tech-
niques available for MPPT. Unlike conventional algorithms that iteratively search for the
optimum operating point, machine learning methods attempt to directly estimate the opti-
mal reference voltage from environmental measurements, thereby reducing tracking time
while improving prediction accuracy under nonlinear operating conditions [34].

Artificial Neural Networks (ANNs) were among the earliest machine learning tech-
niques applied to MPPT. Their ability to approximate highly nonlinear functions enables
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accurate estimation of the reference voltage under varying irradiance and temperature
conditions [35]. Furthermore, several studies have demonstrated that ANN-based MPPT
systems exhibit rapid response during testing while maintaining satisfactory prediction
accuracy [13].

SVR has also attracted considerable attention because of its strong generalization
capability and its ability to converge toward global rather than local optima. Consequently,
SVR has been successfully employed to estimate the optimal reference voltage in several
MPPT applications [5,11,36].

Ensemble learning techniques have likewise demonstrated promising performance in
MPPT applications. Random Forest (RF), one of the most widely used ensemble methods,
has shown faster convergence and lower prediction errors than several ANN-based ap-
proaches [37–39]. Other ensemble tree algorithms, including Boosted Trees and BETs, have
also been investigated for PV modeling and MPPT [12,40]. These approaches benefit from
combining multiple decision trees, thereby reducing prediction variance while improving
robustness and generalization capability [41,42].

Similarly, GPR provides a probabilistic regression framework capable of modeling
complex nonlinear relationships while simultaneously quantifying prediction uncertainty.
Hybrid GPR-based MPPT strategies have demonstrated improved convergence speed and
tracking efficiency compared with several optimization algorithms [43]. GPR has also been
successfully employed for PV power forecasting [9,44] and for estimating the reference
voltage under partial shading conditions using fuzzy logic-based controllers [45].

Collectively, these studies demonstrate that supervised machine-learning algorithms
can model the nonlinear relationship between environmental conditions and the optimum
operating point. Recent studies have continued to expand prediction-based and intelligent
MPPT, including comparative evaluation of multiple regression models for maximum-
power prediction and broader comparisons between classical and artificial-intelligence
MPPT strategies [46,47]. These developments reinforce the importance of evaluating
learning architecture, model choice, and system-level MPPT performance rather than
relying on prediction error alone.

2.3. Unsupervised Learning for MPPT

Compared with supervised learning, unsupervised learning has received less attention
in MPPT research, although data partitioning can be useful for identifying more homoge-
neous photovoltaic operating regions. Earlier work combined a genetic K-means procedure
with a Radial Basis Function (RBF) network for photovoltaic MPP prediction [48]. More
recently, K-means clustering has been applied directly to irradiance–temperature data to
define homogeneous atmospheric regions and reduce the local MPPT search space [49].

These studies show that clustering can be used either to support a subsequent pre-
diction model or to restrict the operating region searched by another MPPT method. The
role of clustering in the present work is different: K-means and FCM are used to parti-
tion the irradiance–temperature space, after which separate supervised regression models
are trained within the identified operating regions for direct estimation of the optimum
reference voltage.

Accordingly, the present study evaluates whether operating-space partitioning fol-
lowed by region-specific regression improves prediction performance relative to the cor-
responding global regression models, while also comparing hard and fuzzy partitioning
within the same evaluation framework.
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2.4. Reinforcement Learning Approaches

Reinforcement Learning (RL) has also emerged as a promising alternative for MPPT
because of its ability to learn optimal control policies directly through interaction with the
environment. Several RL-based MPPT algorithms have demonstrated fast convergence, sta-
ble operation, and reduced dependence on prior knowledge of PV characteristics [10,50–53].
Nevertheless, RL methods often require extensive training, careful reward design, and
considerable computational resources, which may limit their practical implementation in
resource-constrained embedded PV controllers.

2.5. Research Gap and Motivation

The literature clearly demonstrates the effectiveness of both conventional and machine
learning-based MPPT techniques. Supervised learning algorithms have shown excellent
capability for modeling the nonlinear relationship between environmental conditions and
the optimum operating voltage, while unsupervised clustering has proven effective in
partitioning PV operating conditions into more homogeneous regions.

However, most existing machine learning approaches employ a single global regres-
sion model to represent the entire irradiance–temperature operating space. Since PV
operating conditions are inherently nonlinear and continuously changing, learning a single
global mapping may increase model complexity, reduce prediction accuracy, and limit
generalization under diverse operating regimes.

Integrating unsupervised clustering with supervised regression offers an attractive
alternative. By partitioning the operating space into smaller and more homogeneous
regions, clustering can reduce intra-cluster variability and allow the regression models
to learn more localized mappings. The extent to which this architecture reduces online
computational burden, however, depends on the selected regression model, model size,
hardware architecture, and implementation platform. Accordingly, computational effi-
ciency and embedded feasibility are not inferred from the present simulation results and
require dedicated hardware profiling.

Motivated by these observations, this paper proposes a hybrid two-stage MPPT frame-
work that combines unsupervised clustering with supervised regression to estimate the
optimum reference voltage. Two clustering algorithms, namely K-means and FCM, are in-
vestigated to partition the irradiance–temperature operating space, while three supervised
regression models—SVR, GPR, and BET—are evaluated to determine the effect of operating-
space partitioning on prediction accuracy and subsequent closed-loop MPPT performance.

3. Methodology
This section presents the proposed hybrid two-stage machine learning framework

for MPPT. The framework integrates unsupervised clustering, supervised regression, and
closed-loop control to accurately estimate and continuously track the optimum operating
voltage of PV system. Unlike conventional MPPT techniques that iteratively search for the
maximum power point, the proposed approach directly predicts the optimum reference
voltage from the measured irradiance and temperature. The predicted reference voltage is
subsequently supplied to a PID-controlled DC–DC boost converter, enabling the PV system
to operate continuously at the MPP.

Figure 1 illustrates the overall architecture of the proposed framework. The methodol-
ogy consists of four main stages:

1. Experimental data acquisition and preprocessing.
2. Unsupervised clustering of the operating conditions.
3. Supervised learning for reference voltage prediction.
4. Closed-loop MPPT using a PID-controlled boost converter.
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Figure 1. The proposed MPPT system.

Each stage is described in detail in the following subsections.

3.1. Overall Framework

The proposed MPPT system, illustrated in Figure 1, combines machine learning with
conventional feedback control to maximize the power extracted from the photovoltaic array.
The system consists of a PV panel, an ML-based reference voltage estimator, a Proportional–
Integral–Derivative (PID) controller, a Pulse Width Modulation (PWM) generator, and a
DC–DC boost converter.

Unlike conventional MPPT algorithms, which continuously perturb the operating
voltage to locate the MPP, the proposed framework predicts the optimum reference voltage
VMPP directly from the environmental conditions. Solar irradiance and cell temperature
are first processed by the machine learning block, which estimates the optimum operating
voltage VMPP corresponding to the maximum power point. This estimated voltage is then
used as the reference input (Vref = VMPP) of the PID controller. The controller regulates
the duty cycle of the boost converter through PWM switching, forcing the PV system to
operate at the predicted optimum voltage and thereby maximizing the extracted power.

The proposed architecture separates the estimation problem from the control problem.
Machine learning is responsible for accurately estimating the optimum operating voltage,
while the PID controller ensures accurate voltage tracking despite variations in irradiance,
temperature, and load conditions. This modular architecture improves flexibility and
allows different learning algorithms to be evaluated without modifying the underlying
control system.

3.2. Experimental Dataset and Data Preprocessing

The performance of any machine learning model depends heavily on the quality and
representativeness of the training data. Rather than relying on synthetic simulations, this
study employs an experimentally acquired photovoltaic dataset collected over an entire year
in Vitoria-Gasteiz, Spain [5,54]. The dataset was generated using the experimental setup
shown in Figure 2 and includes measurements of solar irradiance, ambient temperature, PV
voltage, output current, and generated power under a wide range of operating conditions.
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Figure 2. The data acquisition system, reproduced with permission from [54].

Prior to model development, the collected data underwent a preprocessing stage to
improve consistency and reliability. Duplicate measurements and anomalous observations
were removed, resulting in a clean dataset suitable for machine learning. For the regression-
only baseline configurations, the processed dataset was divided into training and testing
subsets using a 70:30 split. For the clustering-based configurations, the partitioning proce-
dure described below was applied within the identified clusters. The training dataset was
employed to construct the machine learning models, while the remaining samples were
reserved for independent performance evaluation (testing).

The training data were further subjected to five-fold cross-validation for model devel-
opment and model evaluation and selection. Specifically, the training subset was divided
into five folds, with four folds used for model fitting and the remaining fold used for
validation in each iteration. This process was repeated so that each fold served once as
the validation fold. Importantly, the 30% hold-out test data were not included in the
cross-validation or model-selection process and were reserved for the final evaluation of
the trained models.

From each experimentally obtained I–V characteristic curve, the corresponding Maxi-
mum Power Point was identified, yielding paired values of irradiance, temperature, and
optimum operating voltage. These quantities constitute the input–output pairs used
throughout the learning process, where irradiance and temperature serve as predictor
variables and the optimum reference voltage represents the target variable.

For the clustering-based configurations, the unsupervised clustering stage was first
applied to the irradiance and temperature variables of the available dataset. The VMPP

target variable was not used during clustering. The observations within each resulting
cluster were subsequently divided into 70% training and 30% testing subsets, with five-fold
cross-validation applied exclusively to the training subset for model development and
model evaluation and selection. Therefore, although the regression target values of the test
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samples were not used during clustering or model training, the predictor variables of the
complete dataset contributed to the unsupervised identification of the cluster structure.

3.3. Proposed Two-Stage Machine Learning Framework

The proposed MPPT strategy employs a two-stage machine learning architecture that
combines unsupervised and supervised learning to estimate the optimum operating voltage
of the photovoltaic system. The overall objective is to simplify the nonlinear mapping
between the environmental conditions and the Maximum Power Point (MPP) voltage while
maintaining high prediction accuracy.

Unlike conventional machine learning approaches that construct a single global re-
gression model for the entire operating space, the proposed framework first partitions the
irradiance–temperature space into more homogeneous regions before performing regres-
sion. This decomposition reduces the complexity of the learning problem by allowing each
regression model to learn only the local behavior of the PV system within its assigned
operating region. Consequently, improved prediction accuracy can be achieved without
increasing the complexity of the individual regression models.

The proposed learning framework therefore consists of two sequential stages: an
unsupervised clustering stage followed by a supervised regression stage.

3.3.1. Unsupervised Learning Stage

The first stage of the proposed framework aims to partition the photovoltaic operating
conditions into homogeneous clusters according to their environmental characteristics. The
clustering process is performed using irradiance and temperature measurements, which
represent the two primary variables influencing the operating point of the PV system.

Two clustering techniques were investigated in this work, namely K-means clustering
and Fuzzy C-Means (FCM) clustering. K-means partitions the dataset into mutually
exclusive clusters by assigning each observation to the nearest cluster centroid. In contrast,
FCM performs soft clustering by assigning each observation a degree of membership to
multiple clusters, allowing overlapping operating regions to be represented. The present
study compares these hard and fuzzy partitioning strategies within the same regression
framework; hardware-specific computational performance is not evaluated.

For the investigated K-means configurations, cluster assignment is based on the
Euclidean distance between the irradiance–temperature input vector and the corresponding
cluster centroids, with each observation associated with the cluster having the minimum
distance. Accordingly, once the cluster centers have been learned, a new operating point can
be assigned to the nearest learned centroid without repeating the clustering procedure. In
FCM, the MATLAB FCM algorithm determines the cluster centers together with the fuzzy
membership matrix U, which represents the degree of membership of each observation in
each cluster. Thus, whereas K-means provides a hard partition of the operating space, FCM
represents the association of an observation with the identified operating regions through
fuzzy membership degrees. The investigated configurations comprised two, three, and
four clusters.

The rationale behind incorporating clustering before regression is that PV operating
conditions are inherently nonlinear and nonstationary. Constructing a single regression
model capable of accurately representing the entire irradiance–temperature space can
be unnecessarily complex and may reduce generalization capability. By partitioning the
operating space into smaller and more homogeneous regions, the intra-cluster variability
is reduced, allowing each regression model to learn a simpler and more representative
local mapping.
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Consequently, the clustering stage serves two important purposes. First, it reduces the
complexity of the subsequent learning problem by limiting the operating range seen by
each regression model. Second, it improves prediction accuracy by allowing each model
to specialize in a particular operating regime rather than attempting to approximate the
complete nonlinear behavior of the photovoltaic system.

Cluster Validity Assessment

To quantitatively evaluate the quality of the clustering solutions and investigate the
appropriate number of operating regions, the Silhouette coefficient and Davies–Bouldin
(DB) index were employed. These complementary internal validation measures assess
cluster compactness and separation without using the regression target variable.

For observation i, the Silhouette coefficient is defined as:

s(i) =
b(i)− a(i)

max{a(i), b(i)} (1)

where a(i) is the average distance between observation i and the other observations within
the same cluster, while b(i) is the minimum average distance between observation i and
observations belonging to another cluster. The coefficient ranges from −1 to 1, with
larger values indicating better cohesion within clusters and greater separation between
clusters. The mean Silhouette coefficient over all observations was used to evaluate each
clustering configuration.

The DB index provides a complementary measure based on the ratio between within-
cluster dispersion and between-cluster separation and is defined as:

DB =
1
K

K

∑
i=1

maxj ̸=i
Si + Sj

Mij
(2)

where K is the number of clusters, Si and Sj represent the within-cluster dispersion of
clusters i and j, respectively, and Mij denotes the distance between their centroids. Unlike
the Silhouette coefficient, lower DB values indicate better clustering, corresponding to
compact and well-separated clusters.

Both metrics were evaluated for K = 2, 3, and 4 to provide an objective assessment of
the clustering structures in addition to the subsequent regression performance.

3.3.2. Supervised Learning Stage

Once the operating conditions have been partitioned, an independent supervised
regression model is trained for each cluster to estimate the optimum reference voltage
corresponding to the Maximum Power Point. The regression models receive irradiance and
temperature as inputs and predict the optimum operating voltage, which subsequently
serves as the reference signal for the PID controller.

Three supervised regression algorithms were investigated in this study: SVR, GPR,
and BET. These algorithms were selected because they represent three complementary
families of nonlinear regression techniques and have demonstrated excellent performance
in energy forecasting and photovoltaic applications [15,18,19,55].

Support Vector Regression was selected because of its strong generalization capability
and its ability to model nonlinear relationships using kernel functions while maintaining
good prediction accuracy for relatively small training datasets. GPR provides a probabilistic
regression framework capable of modeling highly nonlinear systems while simultaneously
quantifying prediction uncertainty. BETs employ bootstrap aggregation to combine multiple
decision trees, thereby reducing prediction variance and improving predictive robustness.
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For each clustering configuration, an independent regression model is trained us-
ing only the samples belonging to the corresponding cluster. During operation, new
irradiance–temperature measurements are first assigned to the appropriate cluster before
the corresponding regression model predicts the optimum operating voltage. This hier-
archical learning strategy allows each regression model to focus on a limited operating
region and enables the effect of localized regression on prediction accuracy to be evaluated
relative to a single global regression model.

Regression Performance Metrics

The predictive performance of each model is evaluated using the Mean Absolute Error
(MAE) defined in (3). MAE measures the average magnitude of the prediction errors and is
therefore employed as the primary measure of prediction accuracy. Additionally, Absolute
Bias (AB), defined in (4), is used as a complementary measure of systematic prediction
offset. While MAE quantifies the average magnitude of the individual prediction errors,
AB quantifies the magnitude of the mean signed prediction error. Thus, the two metrics
provide complementary information regarding overall prediction accuracy and systematic
prediction bias.

MAE =
1
n

n

∑
i=1

⃓⃓⃓⃓
VMPP −

∼
VMPP

⃓⃓⃓⃓
(3)

AB =

⃓⃓⃓⃓
⃓ 1
n

n

∑
i=1

(︃
VMPP −

∼
VMPP

)︃⃓⃓⃓⃓
⃓ (4)

where n is the number of test data points.
Lower values of both metrics are desirable; however, MAE is used as the principal

measure for comparing prediction accuracy because positive and negative errors may
partially cancel when calculating AB.

3.4. MPPT Control System

The predicted reference voltage generated by the proposed machine learning frame-
work is integrated into a closed-loop MPPT system to ensure continuous operation of
the photovoltaic panel at its Maximum Power Point. The control system consists of a
photovoltaic module, a DC–DC boost converter, and a PID controller. While the machine
learning block determines the optimum operating voltage, the controller and power con-
verter are responsible for maintaining the PV module at this operating point under varying
environmental and loading conditions.

The interaction between the learning framework and the control system forms the
complete MPPT architecture illustrated in Figure 1. The machine learning model estimates
the optimum reference voltage directly from the measured irradiance and temperature,
whereas the PID controller continuously adjusts the converter duty cycle to minimize the
voltage tracking error. As a result, the PV system is driven toward its maximum power
operating point without relying on conventional perturbation-based search algorithms.

3.4.1. Photovoltaic Model

The photovoltaic module considered in this study is the Mitsubishi TD185MF5 panel,
which consists of fifty polycrystalline cells connected in series. The electrical characteristics
of the module are summarized in Table 1.
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Table 1. PV panel specifications.

Cell Type Polycrystalline Silicon

Maximum power 185 W

Open-Circuit Voltage (Voc) 30.60 V

Short-Circuit Current (Isc) 8.13 A

Maximum Power Voltage (Vmpp) 24.40 V
Max Power Current (Impp) 7.58 A

Normal Operating Cell Temperature 47.5 ◦C

To evaluate the proposed MPPT strategy under realistic operating conditions, exper-
imentally acquired current–voltage characteristics covering a wide range of irradiance
and temperature levels were employed. These characteristics define the nonlinear rela-
tionship between the environmental conditions and the corresponding Maximum Power
Point, thereby providing the basis for training and evaluating the proposed machine
learning framework.

Rather than modeling only the electrical behavior of the photovoltaic module, this
work focuses on accurately estimating the operating voltage corresponding to the Maximum
Power Point under varying environmental conditions. Consequently, the PV model serves
as the physical plant whose operating point is continuously regulated by the proposed
control system.

3.4.2. DC–DC Boost Converter

A DC–DC boost converter is employed to regulate the operating voltage of the photo-
voltaic panel and to match the electrical requirements of the load. The converter receives
the voltage generated by the PV module and adjusts its operating point according to the
duty cycle produced by the PID controller. The overall converter configuration is shown in
Figure 3.

Figure 3. The DC–DC boost converter used for the study, reproduced with permission from [54].

The converter operates in two complementary switching modes. During the first
interval, the switching device is turned on, allowing energy to be stored in the inductor
while the load is supplied by the output capacitor. During the second interval, the switch
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is turned off, causing the stored magnetic energy to be transferred to both the capacitor
and the load through the forward-biased diode. By continuously adjusting the switching
duty cycle, the converter regulates the photovoltaic operating voltage while maintaining
the desired output voltage.

Assuming ideal converter operation, the average voltage across the inductor over
one switching period is zero, leading to the well-known relationship expressed in (5).
Rearranging (5) yields (6), which establishes the dependence of the output voltage on the
converter duty cycle. This relationship forms the basis for regulating the photovoltaic
operating point through closed-loop control.

VL,avg = DVs + (1 − D)(Vs − Vo) = 0 (5)

Vo =
Vs

1 − D
(6)

where Vs and Vo are the input and output voltages, respectively.

3.4.3. PID-Based Voltage Tracking

The predicted reference voltage generated by the machine-learning framework is
supplied to a PID controller, which regulates the duty cycle of the boost converter. The
controller acts on the error between the predicted reference voltage and the measured
photovoltaic voltage, with the objective of tracking the reference voltage generated by the
machine-learning model. The resulting control signal is applied to the boost converter
through pulse-width modulation.

Unlike conventional MPPT algorithms in which the controller itself performs the
search for the optimum operating point, the proposed framework separates reference-
voltage estimation from closed-loop voltage tracking. The machine-learning model es-
timates the optimum operating voltage, whereas the PID controller tracks the resulting
reference by adjusting the converter duty cycle. In the present study, the PID controller
serves as the voltage-tracking component and was not itself the subject of optimization or
comparative investigation.

The same controller configuration was maintained for all investigated machine-
learning configurations so that the comparative closed-loop evaluation reflects differences
in the predicted reference voltage rather than changes in the controller configuration.

3.5. Algorithm Selection and Model-Development Configuration

The predictive performance of machine-learning models depends on the selected
learning algorithm and model configuration. In this study, the supervised models were
developed using MATLAB R2024 Regression Learner, and the comparison was performed
using standard Regression Learner model configurations rather than a separately defined
manual hyperparameter-search procedure.

Three supervised regression algorithms—SVR, GPR, and BET—were investigated
because they represent complementary machine learning paradigms. SVR provides excel-
lent generalization capability for nonlinear regression problems through the use of kernel
functions, making it particularly effective when the available training data are limited.
GPR offers a probabilistic learning framework capable of modeling highly nonlinear rela-
tionships while simultaneously providing uncertainty estimates for its predictions. BET
combines the outputs of multiple decision trees through bootstrap aggregation, thereby
reducing prediction variance and improving predictive robustness. Evaluating these di-
verse learning strategies enables a comprehensive assessment of the proposed two-stage
framework under identical operating conditions.
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The supervised regression models were developed using the MATLAB Regression
Learner app. Five-fold cross-validation was applied exclusively to the training data for
model evaluation and selection. The Regression Learner configurations investigated in-
cluded Fine Gaussian Support Vector Machine (SVM) for SVR, Exponential GPR for Gaus-
sian process regression, and Bagged Trees for ensemble regression. The standard model
configurations and automatic parameter settings provided by MATLAB Regression Learner
were retained rather than defining a separate manual hyperparameter search space. Model
selection was based on the five-fold cross-validation performance obtained from the train-
ing data, while the hold-out test data were excluded from model selection and used only
for final performance evaluation. Together with the data-preprocessing and clustering
procedures described in Sections 3.2 and 3.3, these settings define the model-development
workflow used to obtain the reported machine-learning results.

The clustering stage evaluated two-, three-, and four-cluster configurations. The suit-
ability of these partitions was assessed using the Silhouette coefficient and Davies–Bouldin
index together with the subsequent regression performance, as described in Section 3.3.1.
For FCM, the MATLAB implementation was used to determine the cluster centers and
membership matrix; no separate manual optimization of the fuzzification coefficient or
convergence criteria was performed in this study.

The adopted algorithmic configuration therefore provides a structured basis for evalu-
ating the prediction performance of the investigated clustering and regression combinations,
while the computational requirements of real-time embedded implementation remain to be
quantified experimentally.

4. Discussion
This section evaluates the proposed two-stage hybrid machine-learning framework for

MPPT through prediction analysis using the experimentally acquired photovoltaic dataset
and closed-loop evaluation in MATLAB/Simulink. The evaluation is performed at three
complementary levels. First, the prediction capability of the proposed clustering–regression
framework is assessed using statistical performance measures to compare the investigated
clustering and regression configurations for optimum-voltage estimation. Second, the
trained machine-learning models are integrated within the closed-loop MPPT system to
evaluate their influence on photovoltaic power and energy extraction under the investigated
dynamic operating profile. Third, the practical implications and limitations of the proposed
framework are examined, including generalization, computational requirements, cluster-
assignment sensitivity, and the limitations associated with simulation-based validation.

The MPPT framework illustrated in Figure 1 was implemented in MATLAB/Simulink.
Initially, the machine learning models were trained, validated, and tested offline using the
experimental photovoltaic dataset collected in Vitoria-Gasteiz, Spain [5,54]. During this
stage, the regression models were developed independently of the remaining control system

to evaluate their ability to accurately estimate the optimum reference voltage (
∼
Vref). Once

the models had been trained, the selected configurations were implemented in MATLAB
Function blocks and integrated with the photovoltaic module, the DC–DC boost converter,
the PID controller, and the variable load to form the complete MPPT system.

The integrated framework was evaluated under varying irradiance, temperature, and
load conditions. Consequently, the presented results assess both the statistical prediction
accuracy of the proposed learning framework and its closed-loop ability to maximize
photovoltaic power extraction under the simulated operating conditions considered in
this study.

The discussion begins with the prediction accuracy results obtained from the initial
evaluation, followed by an additional strict hold-out evaluation designed to assess the
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generalization capability of the proposed framework while preventing information leakage
during clustering. Subsequently, the closed-loop MATLAB/Simulink results are discussed,
followed by the practical implications and limitations of the study. The strict hold-out
evaluation was limited to prediction accuracy and did not include additional closed-
loop simulations.

4.1. Prediction Accuracy Evaluation

The primary objective of the proposed hybrid learning framework is to estimate the
optimum photovoltaic operating voltage as accurately as possible under varying environ-
mental conditions. Since the estimated reference voltage is supplied directly to the PID
controller, any prediction error may cause the photovoltaic operating point to deviate from
the actual Maximum Power Point (MPP), thereby reducing the generated output power.
Consequently, improving voltage prediction accuracy represents the first step towards
improving the overall MPPT performance.

The predictive capability of the investigated machine learning models was evaluated
using the Mean Absolute Error (MAE). MAE provides the average magnitude of the
prediction error and is used as the primary measure of prediction accuracy. Lower MAE
values indicate more accurate estimation of the optimum operating voltage.

To demonstrate the contribution of the proposed two-stage learning framework, the
evaluation was performed progressively. First, the three regression algorithms were trained
using the complete dataset without clustering to establish a baseline for comparison. Subse-
quently, K-means and Fuzzy C-Means (FCM) clustering were introduced as preprocessing
stages to investigate whether partitioning the photovoltaic operating space could simplify
the regression task and improve prediction accuracy.

Baseline Regression Performance

The prediction performance obtained using SVR, GPR, and BET without clustering is
summarized in Table 2. These results represent the conventional machine learning approach,
where a single regression model is responsible for approximating the complete nonlinear
relationship between irradiance, temperature, and the optimum operating voltage.

Table 2. Results of all three algorithms when no clustering is applied.

Algorithm MAE AB

SVR 1.672 1.421

GPR 1.412 1.111

BET 1.298 1.171

All three regression algorithms successfully estimated the optimum reference voltage
with satisfactory accuracy. Nevertheless, noticeable differences exist among the investigated
models. BET achieved the lowest MAE values, indicating superior prediction accuracy,
while GPR ranked second and SVR produced comparatively larger prediction errors. The
improved performance of BET can be attributed to its ensemble learning strategy, which
combines multiple decision trees to approximate highly nonlinear relationships while
simultaneously reducing prediction variance. In contrast, SVR relies on a single nonlinear
mapping to represent the complete operating space, making it more difficult to capture the
diverse operating conditions represented within the experimental dataset.

Although the obtained prediction accuracy is encouraging, the baseline results also
reveal the inherent difficulty of representing the complete photovoltaic operating space
using a single global regression model. The operating characteristics of photovoltaic
modules vary considerably with irradiance and temperature, resulting in a highly nonlinear
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mapping between the environmental conditions and the optimum operating voltage. This
observation motivates the introduction of an unsupervised clustering stage to partition the
operating space into smaller and more homogeneous regions before regression.

Performance of the K-means-based Hybrid Framework

To investigate the effect of partitioning the operating space before regression, K-means
clustering was incorporated as the first stage of the proposed hybrid learning framework.
Three clustering configurations comprising two, three, and four clusters were investigated.
Before evaluating their influence on regression performance, the quality of the result-
ing partitions was quantitatively assessed using the Silhouette coefficient and DB index.
These internal validation measures provide complementary information regarding cluster
cohesion and separation and enable an objective assessment of the different clustering
configurations. The resulting values are presented in Table 3.

Table 3. Cluster-validity measures for the investigated K-means configurations.

Number of Clusters Silhouette Coefficient Davies-Bouldin Index

2 0.803 0.499

3 0.775 0.470

4 0.779 0.449

As shown in Table 3, the two-cluster configuration achieved the highest Silhouette
coefficient (0.803), compared with 0.775 and 0.779 for three and four clusters, respectively,
indicating the strongest overall combination of intra-cluster cohesion and inter-cluster
separation according to this measure. In contrast, the Davies–Bouldin index decreased
from 0.499 for two clusters to 0.470 and 0.449 for three and four clusters, respectively,
with the four-cluster configuration therefore being favored according to the DB criterion.
Consequently, the two internal validation measures do not identify a single unequivocal
optimum. Rather than selecting the number of clusters based on one validity measure
alone, the cluster-validity results were considered together with the subsequent regression
performance and implementation complexity.

Having assessed the internal quality of the clustering solutions, their influence on
prediction performance was subsequently investigated. Independent SVR, GPR, and BET
regression models were trained using the corresponding clustered datasets. The resulting
MAE and Absolute Bias values are summarized in Tables 4–6, while Figure 4 compares the
MAE obtained for the investigated regression algorithms and clustering configurations.

Table 4. Results of all three algorithms using 2 clusters in K-means clustering.

Algorithm MAE AB

SVR 1.433 1.239

GPR 1.011 1.004

BET 0.359 0.088

Table 5. Results of all three algorithms using 3 clusters in K-means clustering.

Algorithm MAE AB

SVR 0.863 0.725

GPR 0.863 0.705

BET 0.922 0.284

https://doi.org/10.3390/eng7100566

https://doi.org/10.3390/eng7100566


Eng 2026, 7, 566 17 of 33

Table 6. Results of all three algorithms using 4 clusters in K-means clustering.

Algorithm MAE AB

SVR 1.196 1.041

GPR 0.794 0.743

BET 0.510 0.289

Figure 4. Bar Chart representing the performance of the three tested algorithms using K-means clustering.

Referring to Tables 4–6 and Figure 4, the effect of increasing the number of clusters
on prediction accuracy was found to depend on the regression algorithm. SVR achieved
its lowest MAE of 0.863 V using three clusters, whereas GPR achieved its lowest MAE
of 0.794 V using four clusters, compared with 0.863 V for the three-cluster configuration.
In contrast, BET achieved its lowest MAE of 0.359 V using two clusters, while its MAE
increased to 0.922 V and 0.510 V for three and four clusters, respectively. These results
indicate that increasing the number of clusters does not necessarily lead to improved
prediction performance and that the appropriate degree of partitioning depends on the
characteristics of the subsequent regression model.

When the regression results are considered together with the cluster-validity analysis,
the two-cluster configuration provides a particularly attractive solution. It achieves the
highest Silhouette coefficient while enabling BET to attain the lowest MAE (0.359 V) among
all investigated K-means configurations. The corresponding Absolute Bias of 0.088 V
further indicates a small systematic prediction offset. Although the Davies–Bouldin index
favors a larger number of clusters, the additional partitioning does not result in a consistent
improvement in regression accuracy and requires a greater number of local regression
models. Considering cluster validity, prediction accuracy, systematic prediction offset, and
implementation complexity collectively, the two-cluster K-means—BET configuration was
selected for the subsequent closed-loop MPPT evaluation.

Performance of the Fuzzy C-Means-based Hybrid Framework

To further investigate the influence of the clustering strategy, the hard partitioning
employed by K-means was replaced with Fuzzy C-Means (FCM) clustering. Unlike K-
means, which assigns each operating condition exclusively to a single cluster, FCM allows
each observation to belong simultaneously to multiple clusters through fuzzy membership
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values. Such soft partitioning provides graded membership information for observations
located near the transition regions between neighboring operating conditions.

The prediction performance obtained using the FCM-based framework is summarized
in Tables 7–9, while the corresponding MAE values are presented in Figure 5.

Table 7. Results of all three algorithms using 2 clusters in Fuzzy C-means clustering.

Algorithm MAE AB

SVR 1.454 1.167

GPR 0.974 0.968

BET 0.355 0.113

Table 8. Results of all three algorithms using 3 clusters in Fuzzy C-means clustering.

Algorithm MAE AB

SVR 1.226 1.174

GPR 0.974 0.968

BET 0.826 0.809

Table 9. Results of all three algorithms using 4 clusters in Fuzzy C-means clustering.

Algorithm MAE AB

SVR 0.949 0.589

GPR 0.741 0.689

BET 0.606 0.405

Figure 5. Bar Chart representing the performance of the three tested algorithms using Fuzzy C-
means clustering.

Referring to Tables 7–9 and Figure 5, the influence of the number of clusters on
prediction accuracy under FCM differs among the regression algorithms. SVR and GPR
exhibit progressive reductions in MAE as the number of clusters increases, achieving their
lowest MAE values of 0.949 V and 0.741 V, respectively, with four clusters. In contrast, BET
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exhibits its best performance with two clusters, achieving an MAE of 0.355 V, compared with
0.411 V and 0.606 V for three and four clusters, respectively. Thus, while finer partitioning
benefits SVR and GPR, it does not improve BET performance beyond the two-cluster
configuration. This further demonstrates that increasing the number of clusters does not
inherently improve prediction accuracy; rather, its effect depends on the characteristics of
the subsequent regression model.

The Absolute Bias results provide complementary information regarding systematic
prediction offset. The two-cluster FCM–BET configuration achieves an AB of 0.113 V,
substantially lower than the corresponding values of 1.167 V and 0.968 V obtained using
SVR and GPR, respectively. Therefore, among the investigated FCM configurations, the
two-cluster BET model provides the lowest overall MAE while also exhibiting a small
systematic prediction offset.

The average prediction results presented in Figure 5 confirm these findings. BET
achieves the lowest MAE among the investigated FCM configurations, while the relative
performance of SVR and GPR depends on the number of clusters. The strong performance
of BET is consistent with the variance-reduction properties of bagged tree ensembles and
with previous applications of tree-based ensemble learning in photovoltaic and renewable-
energy modelling [12,42,55].

Comparison of the Hybrid Learning Frameworks

The overall prediction performance of the investigated hybrid learning frameworks is
summarized in Figure 6, which directly compares the average Absolute Bias (AB) values
obtained using K-means and FCM clustering.

Figure 6. A comparison of the performances of the FCM-based and K-means-based hybrid algorithms.

Figure 6 compares the MAE obtained using the K-means- and FCM-based hybrid
frameworks across the investigated regression algorithms and cluster configurations. The
results show that neither clustering technique consistently outperforms the other across
all regression models and numbers of clusters. Instead, the effect of clustering is strongly
dependent on both the regression algorithm and the degree of partitioning. For SVR, the
lowest MAE is obtained using three K-means clusters, whereas for GPR the lowest MAE is
achieved using four FCM clusters. In contrast, BET achieves its lowest MAE using only
two clusters for both clustering techniques.
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In particular, the two-cluster FCM–BET and K-means–BET configurations achieve
MAE values of 0.355 V and 0.359 V, respectively, indicating nearly identical prediction
accuracy. The corresponding Absolute Bias values are 0.113 V and 0.088 V, respectively,
with the K-means configuration exhibiting the smaller systematic prediction offset. These
findings indicate that the choice of regression algorithm and the number of clusters have a
greater influence on prediction performance than the choice between K-means and FCM
itself. Considering the comparable MAE of the two BET configurations, the lower Absolute
Bias, and the simpler hard-assignment mechanism of K-means, the two-cluster K-means–
BET configuration was chosen as the best candidate for integration into the subsequent
closed-loop MPPT system.

The prediction accuracy results indicate that incorporating clustering improved the
performance of several regression configurations under the initial evaluation procedure.
In particular, the combination of K-means clustering with two clusters and BET achieved
favorable prediction accuracy compared with the other investigated configurations. To
further examine the generalization capability of the proposed framework, an additional
evaluation using a strict hold-out procedure is presented in the following subsection.

Generalization Assessment Using Strict Hold-Out Evaluation

To examine generalization without allowing independent test observations to influence
clustering, a strict hold-out experiment was performed on PV data. A fixed random seed of
4 was used to select 70% of the data for training and 30% for testing. The same partition
was used for all clustered and no-clustering regression configurations.

Irradiance and temperature were standardized using only the training-subset means
and standard deviations. K-means and FCM were fitted to the training predictors for
K = 2, 3, and 4. Unseen test observations were assigned to the fixed K-means centroids
by minimum Euclidean distance or to the fixed FCM centers by maximum calculated
membership. Neither clustering algorithm was refitted on the test observations, and the
target voltage was not used to form clusters.

SVR, GPR, and BET were trained either globally (without clustering) or separately
within each training-derived cluster. Bayesian hyperparameter optimization used 30 objec-
tive evaluations and five-fold cross-validation exclusively on the corresponding training
observations. Predictions from the local regressors were recombined in their original test-
observation order, and MAE and absolute bias (AB) were computed over all the unseen
test observations. This strict hold-out experiment uses an additional model-development
protocol and is reported in Table 10 separately from the original MATLAB Regression
Learner results.

The strict hold-out evaluation demonstrates that incorporating clustering does not
consistently improve prediction accuracy across all regression algorithms. SVR without
clustering achieved the lowest overall MAE (0.724 V), while the unclustered GPR model also
outperformed its clustered counterparts. Nevertheless, selected clustered configurations
demonstrated improvements. In particular, FCM with three clusters reduced the MAE of
BET from 0.934 V to 0.843 V, corresponding to an improvement of approximately 9.7%.
These findings indicate that the effectiveness of clustering depends on the regression
algorithm and the number of clusters.

The results of the strict hold-out evaluation differ from those of the initial evaluation,
in which the two-cluster K-means–BET configuration achieved the best prediction accu-
racy among the K-means configurations. This difference highlights the influence of the
evaluation procedure on the relative performance of the investigated models. The closed-
loop MATLAB/Simulink results presented in Section 4.2 correspond to the configurations
developed under the initial evaluation procedure and provide a separate assessment of
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system-level performance. Since the models developed under strict hold-out procedure
were not evaluated in closed-loop simulations, no additional conclusions regarding their
energy-extraction performance can be drawn from the prediction accuracy results alone.

Table 10. Prediction performance under the strict hold-out evaluation protocol (all errors in V).

Clustering K Regression MAE (V) AB (V)

None – SVR 0.724 0.324
None – GPR 0.740 0.297
None – BET 0.934 0.335

K-means 2 SVR 0.731 0.337
K-means 2 GPR 1.026 0.448
K-means 2 BET 0.881 0.391
K-means 3 SVR 0.983 0.395
K-means 3 GPR 0.957 0.396
K-means 3 BET 0.890 0.384
K-means 4 SVR 0.932 0.229
K-means 4 GPR 0.956 0.360
K-means 4 BET 0.934 0.260

FCM 2 SVR 0.743 0.301
FCM 2 GPR 1.045 0.516
FCM 2 BET 0.910 0.425
FCM 3 SVR 0.835 0.392
FCM 3 GPR 0.972 0.377
FCM 3 BET 0.843 0.304
FCM 4 SVR 0.908 0.326
FCM 4 GPR 0.945 0.416
FCM 4 BET 1.041 0.433

4.2. Closed-Loop MPPT Performance

Although the prediction accuracy analysis presented in the previous subsection demon-
strates the effectiveness of the proposed hybrid learning framework, the ultimate objective
of any Maximum Power Point Tracking algorithm is to maximize the electrical power
extracted from the photovoltaic module under varying operating conditions. Consequently,
the best-performing regression models identified during the prediction stage were inte-
grated with the complete MPPT system illustrated in Figure 1 to evaluate their performance
under closed-loop simulation.

The complete MPPT system consists of the trained machine learning estimator, the
photovoltaic module, the DC–DC boost converter, the PID controller, and a variable load.
During operation, the machine learning model estimates the optimum reference voltage
directly from the measured irradiance and temperature. This predicted reference voltage is
subsequently supplied to the PID controller, which regulates the converter duty cycle to
maintain the photovoltaic operating voltage as close as possible to the predicted optimum
operating point. Therefore, the accuracy of the estimated reference voltage influences
the resulting closed-loop MPPT performance, together with the dynamic response of the
converter and controller.

The closed-loop MPPT system was evaluated over an 8 s dynamic simulation profile
incorporating step variations in environmental and load conditions. During 0–2 s, the
irradiance, temperature, and load resistance were 981.83 W/m2, 312.63 K, and 10 Ω,
respectively. At t = 2 s, the irradiance and temperature were changed to 452.83 W/m2

and 301.14 K, respectively, while the load resistance remained at 10 Ω. At t = 4 s, the
load resistance was increased from 10 Ω to 20 Ω while the environmental conditions
remained unchanged. Finally, at t = 6 s, the irradiance and temperature were changed
to 985.58 W/m2 and 326.35 K, respectively, with the load resistance maintained at 20 Ω.
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These step changes were intentionally employed to evaluate the transient response of
the closed-loop MPPT system under abrupt environmental and load disturbances rather
than to reproduce the natural temporal evolution of irradiance and temperature. Because
the environmental variations were implemented as ideal step changes, finite irradiance
and temperature rates of change were not prescribed; the corresponding step magnitudes
were ∆G = −529.00 W/m2 and ∆T = −11.49 K at t = 2 s, and ∆G = +532.75 W/m2 and
∆T = +25.21 K at t = 6 s. These step changes were intentionally employed to evaluate
the transient response of the closed-loop MPPT system under abrupt environmental and
load disturbances rather than to reproduce the natural temporal evolution of irradiance
and temperature.

The generated output power obtained is presented in Figures 7–10. Unlike the predic-
tion analysis discussed previously, which evaluates the statistical accuracy of the estimated
reference voltage, the following discussion investigates how these prediction differences
influence the actual electrical power extracted from the photovoltaic system.

Comparison of the Best Regression Models

Figure 7 compares the generated output power obtained using the selected two-cluster
FCM configuration for each regression algorithm, namely SVR2, GPR2, and BET2. All three
configurations produce closely comparable photovoltaic power trajectories throughout the
investigated dynamic simulation profile, demonstrating their ability to provide suitable
reference voltages for closed-loop MPPT operation.

Small differences can be observed among the investigated regression models, but the
instantaneous power curves overlap over much of the simulation interval. Therefore, the
power plots should be interpreted together with the integrated-energy analysis presented
in the Quantitative Energy-Extraction Analysis subsection (Figures 11 and 12), rather than
used alone to rank the regression models.

Figure 7. A comparison of generated power as a result of employing the three supervised ML
algorithms with four FCM clusters.
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Figure 8. Zoomed version of the last subplot in Figure 7.

Figure 9. A comparison of generated power as a result of employing the BET-based hybrid algorithm
for different clustering scenarios.
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Figure 10. Zoomed-in section from Figure 9 showing the power achieved using BET-FCM and
BET-K-means, respectively.

Figure 11. Total extracted photovoltaic energy for the investigated K-means configurations over the
8 s closed-loop simulation interval.

Because the three power curves almost overlap throughout most of the operating range,
the differences between the investigated regression models are difficult to distinguish from
Figure 7 alone. Therefore, an enlarged view of the same operating interval is presented in
Figure 8.

The enlarged comparison highlights the relatively small instantaneous-power differ-
ences between the three machine-learning models. Because the local power ranking changes
over the simulation interval, these curves do not establish a single model as uniformly supe-
rior in power extraction. The integrated-energy comparison in Figures 11 and 12 provides
the corresponding quantitative system-level assessment.
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Figure 12. Total extracted photovoltaic energy for the investigated FCM configurations over the 8 s
closed-loop simulation interval.

Influence of the Number of Clusters

Having identified BET as the regression technique achieving the lowest prediction
errors for the selected configurations, the influence of the clustering configuration on the
closed-loop MPPT performance was subsequently investigated. Figure 9 compares the
generated photovoltaic power obtained using BET with two, three, and four clusters for
the K-means- and FCM-based frameworks.

The generated-power trajectories for the investigated clustering configurations remain
closely grouped throughout much of the dynamic simulation profile. Nevertheless, small
differences are observed among the configurations, indicating that the choice of clustering
method and number of clusters influences the resulting closed-loop power extraction.

Unlike the comparison presented in Figures 7, 9 and 10 are intended to examine the
influence of the clustering configuration on closed-loop power extraction. At certain operat-
ing points, the three- and four-cluster configurations produce slightly higher instantaneous
power than the corresponding two-cluster configuration. However, the relative ranking
varies over the simulation interval, and these local differences alone are insufficient to
determine the overall energy-extraction performance.

Since the differences among the investigated clustering configurations are relatively
small, Figure 10 presents an enlarged view of the same operating interval to facilitate a more
detailed comparison. The enlarged view confirms that the generated-power trajectories
remain closely grouped, while their relative ranking varies locally over the simulation
interval. Therefore, the instantaneous-power curves alone do not establish a single cluster-
ing configuration as uniformly superior in power extraction. The corresponding overall
performance is assessed quantitatively using the integrated-energy results presented in the
Quantitative Energy-Extraction Analysis subsection (Figures 11 and 12).

Engineering Interpretation of the Power Generation Results

The local variations observed in Figures 9 and 10 can be explained by considering
the nonlinear relationship between the photovoltaic operating voltage and the generated
electrical power. Since the predicted reference voltage is supplied directly to the PID

controller, deviations between the estimated reference voltage
∼
Vre f and the actual (VMPP)
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can cause the photovoltaic module to operate away from its optimum operating point,
thereby affecting the generated output power.

However, the resulting difference in generated power is not determined solely by the
magnitude of the voltage-estimation error. It also depends on the local characteristics of
the photovoltaic power–voltage (P–V) curve. In operating regions where the P–V curve
is relatively flat, comparatively large voltage-estimation errors may produce only small
changes in generated power. Conversely, in regions where the P–V characteristic exhibits
a steeper gradient, smaller deviations from the optimum operating voltage may produce
more noticeable changes in power. Furthermore, the resulting power depends on whether
the estimated reference voltage lies above or below the actual VMPP, since the two sides of
the P–V curve exhibit different characteristics.

Consequently, the instantaneous power generated at a particular operating point does
not necessarily follow the same ranking as the statistical prediction accuracy measured by
MAE. This explains why configurations with higher overall MAE may occasionally produce
slightly higher instantaneous power over limited operating intervals. Such behavior arises
because the effect of a reference-voltage prediction error on generated power depends not
only on its magnitude but also on its direction and on the local characteristics of the P–V
curve. Accordingly, prediction-error metrics and closed-loop power-extraction performance
provide complementary rather than interchangeable measures of the proposed framework.

Quantitative Energy-Extraction Analysis

The preceding instantaneous-power comparisons indicate that the ranking of the
investigated configurations in terms of generated power does not necessarily follow their
ranking in terms of reference-voltage prediction error. To quantify this effect over the
complete 8 s closed-loop dynamic simulation profile, the generated-power trajectories were
integrated over the simulation interval to determine the total electrical energy extracted by
each configuration, according to

EPV =
∫︂ 8

0
PPV(t) dt (7)

For each regression algorithm, the corresponding configuration without clustering
was used as the baseline, and the relative change in extracted energy was calculated as

∆E(%) =
Eclustered − Ebaseline

Ebaseline
× 100 (8)

This relative measure is used to quantify the effect of introducing clustering and
should not be interpreted as absolute MPPT efficiency, since the theoretical maximum
available photovoltaic energy is not used as its denominator. The resulting energy values
are therefore used as a comparative system-level measure under the common dynamic
simulation profile and are not intended to represent long-term photovoltaic energy yield.

At the prediction stage, the two-cluster K-means–BET configuration was identified
as the preferred candidate based on the combined consideration of MAE, AB, cluster
validity, and the number of local regression models required. It was therefore anticipated
that its improved VMPP estimation would translate into correspondingly improved energy
extraction when employed as the reference-voltage generator in the closed-loop MPPT
system. The subsequent system-level evaluation, however, demonstrates that the ranking
based on extracted energy does not exactly follow the ranking based on voltage-prediction
accuracy. For the K-means configurations, as seen in Figure 11, the two-cluster BET model
extracted 906.683 J over the 8 s interval, representing a 0.311% increase relative to the
no-clustering BET baseline of 903.874 J. However, the largest relative energy improvement
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was obtained using the two-cluster K-means–SVR configuration, which extracted 916.237 J
compared with 901.052 J for the corresponding no-clustering SVR baseline, representing an
increase of 1.685%.

The FCM configurations exhibited a similarly non-monotonic relationship between
prediction accuracy and energy extraction, as shown in Figure 12. Among the FCM configu-
rations, the largest relative energy improvement was obtained using the three-cluster GPR
configuration, which extracted 894.700 J compared with 888.396 J for the corresponding
no-clustering GPR baseline, representing an increase of approximately 0.710%.

These findings confirm that improved VMPP prediction accuracy does not necessar-
ily translate proportionally into increased photovoltaic energy extraction. The resulting
energy depends not only on the magnitude of the reference-voltage prediction error but
also on its direction, the local characteristics of the nonlinear P–V curve, and the dynamic
response of the closed-loop converter and controller. Consequently, MAE and AB char-
acterize the performance of the machine-learning reference-voltage estimator, whereas
integrated extracted energy provides a direct system-level measure of the resulting MPPT
performance. The two levels of evaluation should therefore be considered complementary
rather than interchangeable.

Collectively, the closed-loop simulation results demonstrate that the proposed learning
configurations can effectively generate reference voltages for photovoltaic power tracking,
while also showing that improvements in voltage-prediction metrics do not translate uni-
formly into improvements in extracted energy. The quantitative energy analysis therefore
provides an important system-level complement to the statistical prediction analysis and
enables the investigated configurations to be evaluated directly in terms of their resulting
photovoltaic energy extraction.

The proposed framework belongs to the growing class of prediction-based MPPT
techniques, in which the optimum operating point is estimated using data-driven mod-
els rather than determined solely through iterative perturbation. Recent studies have
evaluated multiple machine-learning predictors for maximum-power estimation and com-
pared classical and artificial-intelligence MPPT strategies under common simulation frame-
works [46,47]. The present results show that operating-space partitioning can improve
reference-voltage prediction for the evaluated dataset, while the quantitative energy analy-
sis demonstrates that prediction-level improvements and system-level energy extraction
must be assessed separately.

4.3. Practical Implications and Study Limitations

Beyond evaluating prediction accuracy and photovoltaic power extraction, the ob-
tained results provide several important engineering insights regarding the application of
hybrid machine-learning techniques to intelligent MPPT.

The principal contribution of the proposed framework lies in combining unsupervised
clustering with supervised regression to simplify the estimation of the optimum operating
voltage. Rather than approximating the complete nonlinear photovoltaic operating space
using a single global regression model, the proposed methodology first partitions the oper-
ating conditions into smaller and more homogeneous regions before constructing localized
regression models. The obtained results demonstrate that this decomposition improves
prediction accuracy over the operating conditions represented by the evaluated dataset.

An important characteristic of the proposed framework is the separation between of-
fline model training and online inference. The machine-learning models are trained offline
using historical photovoltaic operating data, whereas online operation requires cluster iden-
tification followed by evaluation of the corresponding trained regression model to estimate
the optimum reference voltage. This architecture avoids performing the model-training
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stage during online MPPT operation. However, the present study did not quantitatively
evaluate online execution time, memory requirements, model size, processor utilization, or
other hardware-dependent computational metrics. Consequently, the feasibility of imple-
menting the proposed framework on resource-constrained embedded PV controllers cannot
be established from the present simulation-based results alone. Quantitative computational
profiling on representative embedded hardware is therefore required as part of future
implementation and hardware-in-the-loop validation.

The additional robustness experiment applies a fixed 70–30% training–test partition,
training-only standardization and clustering, and five-fold cross-validated hyperparameter
optimization using training observations only. The same test observations are used for
all 21 configurations. Nevertheless, this remains a single hold-out split from a relatively
small dataset; repeated independent splits and additional external datasets would better
characterize variability and generalization.

The closed-loop results show that reference-voltage prediction accuracy and photo-
voltaic energy extraction are related but not directly proportional. The integrated-energy
analysis demonstrates that the configuration with the lowest prediction error does not
necessarily produce the largest extracted energy over the dynamic simulation profile. Con-
sequently, prediction metrics such as MAE and AB and system-level energy extraction are
treated as complementary performance measures.

Another noteworthy characteristic of the proposed framework is its modular ar-
chitecture. Since the clustering stage, regression model, and control system operate as
independent functional modules, alternative clustering algorithms, regression techniques,
or feedback controllers may be incorporated without fundamentally modifying the remain-
ing components of the MPPT system. This modular structure provides a suitable basis for
investigating alternative machine-learning and control techniques in future work.

The initial evaluation demonstrated that incorporating K-means and FCM clustering
improved prediction accuracy for selected regression configurations, with BET achiev-
ing particularly favorable results. However, the strict hold-out evaluation revealed that
these improvements were dependent on the regression algorithm and clustering config-
uration. Specifically, SVR without clustering achieved the lowest overall MAE, while
clustering improved BET performance under selected configurations. The closed-loop
MATLAB/Simulink energy results presented in Section 4.2 correspond to the models devel-
oped under the initial evaluation procedure and should not be interpreted as evidence of
improved energy extraction by the models developed under the strict hold-out procedure.

The comparative analysis in the present study is primarily intended to evaluate the
effect of introducing unsupervised clustering before supervised regression and to identify
the most suitable configuration within the proposed framework. Accordingly, the quantita-
tive comparisons were performed among the investigated regression-only, K-means-based,
and FCM-based configurations under the same dataset and simulation conditions. Di-
rect quantitative benchmarking against conventional MPPT techniques such as Perturb
and Observe (P&O), Incremental Conductance (INC), or other intelligent approaches
such as reinforcement-learning-based MPPT was not performed under identical operating
conditions. Therefore, the results presented in this study should not be interpreted as
demonstrating universal superiority of the proposed framework over these alternative
MPPT techniques. A systematic benchmark under identical PV models, environmental
profiles, converter conditions, and evaluation criteria represents an important direction for
future investigation, particularly in light of recent comparative studies spanning classical
and AI-based MPPT methods [47] and recent DRL-based partial-shading approaches [53].

Despite the encouraging results obtained throughout this investigation, several limita-
tions should be acknowledged. First, the proposed framework was trained and evaluated
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using an experimental photovoltaic dataset collected from a single geographical location
and a single PV module technology. Although the dataset covers a full annual cycle
and a wide range of irradiance and temperature conditions, the results demonstrate the
performance of the proposed framework only within the operating domain represented
by the investigated dataset. Therefore, the present results should not be interpreted as
demonstrating universal generalization across different climates, geographical locations, or
PV technologies. Further validation using datasets acquired from different climatic regions
and PV module technologies is required to establish the broader generalization capability
of the proposed framework.

Another limitation concerns the sensitivity of the proposed framework to cluster as-
signment. For K-means, the selection of the corresponding local regression model depends
on the Euclidean distance between the current operating point and the learned cluster
centroids. Consequently, operating points located near cluster boundaries may be sensitive
to variations in irradiance and temperature, potentially affecting the selection of the local
regression model and the resulting reference-voltage estimate. Similarly, the fuzzy member-
ship degrees in FCM may become less distinct for observations located near overlapping
operating regions. The present study did not explicitly quantify the influence of cluster-
assignment uncertainty on reference-voltage prediction or closed-loop MPPT performance,
nor was a dedicated fault-tolerant mechanism investigated. Future work should therefore
examine cluster-boundary sensitivity and appropriate mitigation strategies, particularly
under measurement noise and uncertainty.

A methodological distinction is necessary between the initial prediction evaluation
and the additional robustness assessment. In the original clustering-based protocol, un-
supervised clustering used predictor values from the full dataset before within-cluster
training–testing splits, potentially allowing test-predictor information to influence cluster
structure. To address this limitation, the additional strict hold-out experiment learned all
cluster centers and preprocessing parameters from training observations only and assigned
unseen test observations to fixed training-derived clusters. The new results are therefore
reported separately and should not be numerically conflated with the initial protocol or its
closed-loop simulations.

In addition, the present study did not systematically investigate the influence of PID
tuning, controller sampling time, duty-cycle constraints, anti-windup implementation, or
switching-frequency selection on the closed-loop response; these controller-level imple-
mentation aspects should be examined as part of future hardware-oriented validation.

Finally, the present investigation employed an experimentally acquired photovoltaic
dataset for model development and evaluation, while the closed-loop MPPT system was
implemented and evaluated in MATLAB/Simulink. Therefore, the closed-loop results
presented in this study constitute simulation-based validation rather than hardware-in-the-
loop or physical experimental validation. Consequently, practical implementation effects
such as converter non-idealities, sensor noise and uncertainties, computational latency, and
hardware-related constraints were not directly evaluated in the present study. Future work
will therefore focus on hardware-in-the-loop implementation followed by experimental
validation using a physical photovoltaic system to quantify the influence of these practical
factors and further assess the applicability of the proposed framework under real operating
conditions [56].

Furthermore, the present work considered two clustering algorithms and three su-
pervised regression techniques. Although these algorithms represent well-established
machine learning methods, future investigations may extend the proposed framework
by considering adaptive clustering techniques, adaptive optimization algorithms, deep
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learning, reinforcement learning, and other intelligent MPPT strategies that have recently
demonstrated promising performance under dynamic operating conditions [50,51,53].

Finally, the current study evaluates the proposed framework under operating condi-
tions characterized by variations in irradiance and temperature without partial-shading
conditions. Partial shading can produce multiple local maxima in the photovoltaic P–V
characteristic and therefore represents a substantially more challenging MPPT scenario.
Such conditions were not represented in the dataset or evaluated in the closed-loop simula-
tions performed in this study. Consequently, the present results should not be interpreted
as demonstrating the effectiveness of the proposed framework under partial-shading con-
ditions. Evaluation under partial shading is therefore identified as an important direction
for future work.

In addition, the present study assumes the measured irradiance and temperature
inputs to be representative of the actual operating conditions and does not explicitly
evaluate robustness against measurement noise, sensor ageing, communication delays, or
long-term PV module degradation. These effects may introduce deviations between the
measured inputs and the actual PV operating conditions and may consequently affect the
accuracy of the machine-learning-based reference-voltage estimation. Therefore, systematic
robustness analysis under sensor uncertainty, measurement noise, communication delays,
and PV module degradation remains an important subject for future investigation.

Despite these limitations, the results support the value of operating-space partitioning
followed by local regression for the dataset and simulation conditions evaluated in this
study. Broader practical claims require additional validation, including computational
profiling, hardware-in-the-loop testing, and physical implementation. Recent HIL-based
MPPT studies illustrate the type of validation needed to bridge this gap [56].

5. Conclusions
This study investigated a two-stage photovoltaic MPPT framework combining K-

means or FCM clustering of irradiance–temperature operating conditions with local SVR,
GPR, or BET regression for reference-voltage estimation. The predicted reference was used
by a PID-controlled boost converter in the original MATLAB/Simulink closed-loop evalua-
tion. The contribution lies in comparing prediction-based operating-region decomposition
with regression-only alternatives and examining the distinction between prediction error
and extracted energy.

Under the initial prediction evaluation, the two-cluster K-means–BET configuration
exhibited the strongest K-means MAE performance and was selected for the original
system-level investigation. An additional strict hold-out evaluation, using training-only
clustering and identical independent test observations for all 21 configurations, yielded a
different ranking: unclustered SVR attained the lowest overall MAE (0.724 V). Clustering
nevertheless benefited BET in selected cases; FCM with three clusters reduced BET MAE
from 0.934 V to 0.843 V, an improvement of approximately 9.7%. Thus, clustering is a
model-dependent design option rather than a universally superior preprocessing step.

The trained models were subsequently evaluated within a closed-loop MATLAB/Simulink
MPPT system under an 8 s dynamic profile containing step changes in irradiance, tem-
perature, and load resistance. Integrated energy extraction provided a direct system-level
complement to the voltage-prediction metrics. The energy ranking did not exactly follow
the MAE/AB ranking: the two-cluster K-means–BET configuration extracted 906.683 J,
representing a 0.311% increase relative to its no-clustering BET baseline, whereas the two-
cluster K-means–SVR configuration produced the largest relative energy increase among
the investigated K-means configurations, extracting 916.237 J, or 1.685% above its cor-
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responding no-clustering baseline. These results confirm that prediction accuracy and
extracted energy are related but are not interchangeable performance measures.

Together, the results emphasize that predictive accuracy, operating-region partitioning,
and simulated energy extraction must be evaluated separately. The closed-loop energy
findings apply to the initially trained and simulated models; the additional strict hold-out
models were not rerun through the closed-loop system. The present results therefore do
not establish corresponding energy gains for the new strict hold-out configurations or
demonstrate hardware performance.

Future work should investigate repeated and external hold-out evaluations across
climates and PV technologies, examine cluster-boundary sensitivity and partial shad-
ing, and independently assess the strict hold-out models within closed-loop simulation.
Hardware-in-the-loop and physical implementation studies should also quantify com-
putational requirements, measurement uncertainty, tracking dynamics, and real-world
energy extraction.
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