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Abstract:

The efficiency of solar photovoltaic (PV) systems heavily
relies on the optimal operation of the Maximum Power Point
Tracking (MPPT) algorithm, which ensures that the system
operates at its maximum power output despite varying
environmental conditions. This paper presents a comparative
analysis of two MPPT control methods: the Incremental
Conductance (IncCond) method and Random Forest (RF)
regression, implemented in MATLAB Simulink. The
IncCond method, known for its precise tracking performance
under varying irradiance and temperature conditions, is
compared with the machine learning-based Random Forest
method, which leverages historical data for adaptive learning
and decision-making. Both models are simulated under real-
world conditions, and their performance is evaluated using
key metrics such as tracking efficiency, convergence time,
and power output accuracy. The results indicate that while
the IncCond method demonstrates reliable performance and
faster convergence, the Random Forest-based method offers
enhanced adaptability and robustness to fluctuating
environmental conditions. This study highlights the potential
of machine learning techniques in improving the performance
of MPPT algorithms, with Random Forest emerging as a
promising alternative to traditional methods.

1. Introduction

The growing global demand for renewable energy has
accelerated the development of solar photovoltaic (PV)
systems, which are seen as a sustainable and clean source of
energy. Solar PV systems, however, face challenges in
maximizing their energy output due to variations in
environmental factors such as sunlight intensity, temperature,
and partial shading. To ensure that these systems operate
efficiently across a range of conditions, Maximum Power
Point Tracking (MPPT) algorithms are employed to adjust
the system’s operating point and extract the maximum
possible power from the solar panels.

MPPT techniques are crucial for enhancing the performance
of solar PV systems, and numerous methods have been
proposed to address the challenges of tracking the maximum
power point in real-time. Traditional algorithms like the
Perturb and Observe (P&O) and the Incremental
Conductance (IncCond) method have been widely used due
to their simplicity and effectiveness. The IncCond method, in
particular, is known for its ability to accurately track the
maximum power point under varying irradiance and
temperature conditions by comparing the instantaneous
power slope with the derivative of voltage. However,
traditional algorithms often struggle with dynamic

environmental changes, especially in cases of partial shading
or rapidly changing weather conditions.

In recent years, machine learning (ML) techniques have
gained traction as potential solutions to enhance the
adaptability and performance of MPPT algorithms. Among
these, Random Forest (RF) regression has emerged as a
promising approach due to its ability to model complex, non-
linear relationships between inputs (such as irradiance,
temperature, and panel voltage) and the optimal duty cycle.
Unlike traditional methods that rely on fixed mathematical
models, Random Forest utilizes historical data to make
adaptive, data-driven predictions, which could lead to more
robust performance in dynamic and unpredictable
environments.

This paper explores a comparative study of two distinct
MPPT methods: the classical Incremental Conductance
method and the data-driven Random Forest approach. The
goal of this research is to evaluate the performance of these
methods under varying environmental conditions, including
different levels of irradiance and temperature. Specifically,
the paper aims to assess key performance metrics such as
tracking efficiency, convergence time, and robustness against
environmental fluctuations. By doing so, the paper seeks to
contribute to the growing body of research on improving
MPPT techniques and offer insights into the applicability of
machine learning methods in enhancing solar PV system
performance.

2. Literature Review

The performance of solar photovoltaic (PV) systems depends
largely on the ability to extract the maximum available power
under varying environmental conditions. Over the years,
various Maximum Power Point Tracking (MPPT) techniques
have been proposed, each with its own strengths and
limitations. This section presents a review of the most
prominent MPPT methods, with a particular focus on the
Incremental Conductance (IncCond) method and machine
learning-based approaches, specifically Random Forest (RF)
regression.

2.1 Traditional MPPT Techniques

MPPT algorithms have traditionally been designed based on
the analysis of the relationship between the output power and
voltage of the PV system. The two most widely used methods
in this category are the Perturb and Observe (P&QO) method
and the Incremental Conductance (IncCond) method.
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. Perturb and Observe (P&O) Method: The P&O
method is one of the most commonly used MPPT algorithms
due to its simplicity and low computational cost. It works by
perturbing the voltage or current in small steps and observing
the effect on the output power. If the power increases, the
perturbation is continued in the same direction; otherwise, it
is reversed. While effective under steady-state conditions,
P&O suffers from performance degradation under rapidly
changing irradiance or temperature conditions and can lead to
oscillations around the maximum power point.

. Incremental Conductance (IncCond) Method:
The IncCond method improves upon P&O by providing a
more precise way to track the maximum power point,
especially under varying environmental conditions. This
method calculates the instantaneous voltage and current and
uses the derivative of the power with respect to voltage to
determine the direction of the perturbation. When the
derivative equals zero, the system is operating at the
maximum power point. The IncCond method is more
effective in tracking the maximum power point under rapidly
changing environmental conditions, including partial shading,
but it requires more complex computations than the P&O
method.

2.2 Machine Learning-Based MPPT Techniques

In recent years, machine learning (ML) techniques have
emerged as powerful tools for improving MPPT
performance, particularly in dynamic environments where
traditional methods struggle. ML-based MPPT algorithms are
capable of learning from historical data and adapting to
changes in environmental conditions in real-time.

. Artificial Neural Networks (ANNs): ANNs have
been applied to MPPT control, where they are trained on data
sets comprising environmental variables such as temperature,
irradiance, and panel voltage. These networks can predict the
optimal operating point based on these inputs, offering more
accurate tracking than traditional algorithms. However,
training ANNs requires large amounts of data and
computational resources, which can be a limitation for real-
time applications.

. Support Vector Machines (SVMs): SVMs have
also been explored for MPPT applications, where they are
used to classify data points and identify the maximum power
point. While SVMs can offer high precision, they require
careful tuning of parameters and may suffer from overfitting
if the data is noisy or incomplete.

o Random Forest (RF): Random Forest is a versatile
ensemble learning technique that has gained attention for
MPPT applications. RF works by creating a collection of
decision trees, each trained on a subset of the data, and
combines their predictions for improved accuracy. In MPPT,
RF can predict the optimal duty cycle based on inputs such as
irradiance, temperature, and voltage. The method has been
praised for its ability to handle complex, non-linear
relationships and its robustness against noise and over fitting.
Additionally, RF is less computationally intensive than other
machine learning models like ANNs, making it a suitable
candidate for real-time MPPT control.

2.3 Hybrid MPPT Techniques

Several studies have explored hybrid approaches that
combine traditional methods with machine learning
techniques to improve MPPT performance further. For
instance, hybrid algorithms that combine P&O with fuzzy
logic or ANNs have been proposed to mitigate the limitations
of each individual method. These hybrid systems often
provide better convergence speeds and tracking accuracy
under dynamic conditions such as partial shading.

3. System Design and Methodology

This section outlines the system design and the
methodologies employed for the implementation and
simulation of the two Maximum Power Point Tracking
(MPPT) techniques: the Incremental Conductance (IncCond)
method and the Random Forest (RF) regression model. The
solar photovoltaic (PV) system model, the MPPT algorithm
implementation, and the simulation environment used for
testing both techniques are discussed in detail.

3.1 Solar PV System Model

The solar PV system used in this study consists of a typical
photovoltaic panel array, whose characteristics are based on
the commonly available PV panel specifications. The PV
model was implemented in MATLAB Simulink, where the
system takes into account the environmental conditions such
as irradiance and temperature, which affect the solar panel
output.

. PV Panel Characteristics: The solar panel model is
represented by its I-V (current-voltage) and P-V (power-
voltage) curves, which are dependent on environmental
factors. The voltage and current outputs of the panel vary
with changes in solar irradiance and temperature.

. Environment Variables: The irradiance levels and
temperature are input variables in the system, which
influence the performance of the PV panels. For simulation,
typical values of irradiance (measured in W/m?) and
temperature (measured in °C) are varied to observe the
response of the MPPT controllers.

. Power Output: The power generated by the PV
panels is calculated by multiplying the output current with the
output voltage at the panel terminals.

The solar PV system model was created using the standard
PV panel block from Simulink’s Sims cape Electrical library,
allowing for dynamic simulation under changing conditions.

3.2 Incremental Conductance Method

The Incremental Conductance (IncCond) method is a widely
used MPPT algorithm due to its effectiveness in tracking the
maximum power point (MPP) even under rapidly changing
irradiance and temperature conditions. The IncCond
algorithm works by comparing the incremental change in
voltage and current to the instantaneous conductance. This is
done through the following steps:
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1. Power Derivative: The method calculates the
instantaneous power and its derivative with respect to
voltage. This is done by:

dP/dV=V-AIAV

where P=V-I is the power, V is the voltage, II is the current,
and AV, Al represent the small changes in voltage and
current, respectively.

2. Tracking the Maximum Power Point:
o If dP/dV=0,

the system is at the maximum power point.
o If dP/dV>0,

the operating point is below the maximum power point, and
the system needs to increase the voltage.

o If dP/dV<0,

the operating point is above the maximum power point, and
the system needs to decrease the voltage.

The duty cycle of the pulse width modulation (PWM) is
adjusted accordingly to steer the operating point of the PV
system towards the maximum power point.

In the MATLAB Simulink model, the algorithm was
implemented in a feedback loop that adjusts the duty cycle of
the DC-DC converter controlling the PV system. The
converter operates to maintain the optimal voltage, thus
ensuring that the maximum power is extracted under varying
environmental conditions.

3.3 Random Forest for MPPT

The Random Forest (RF) method, a machine learning
algorithm, is employed as an alternative approach to control
the duty cycle in MPPT. RF is a non-parametric ensemble
learning method based on decision trees. Each tree in the
forest is trained on a subset of the data, and the final output is
the average of the predictions from all trees.

The RF-based MPPT algorithm is implemented as follows:

1. Feature Selection and Data Collection:

o Inputs to the model include environmental
variables such as irradiance (in W/m?), temperature (in °C),
and panel voltage (in V). These features are gathered from
the PV system in real-time.

o) The target output is the optimal duty cycle
needed to operate the system at its maximum power point.

2. Model Training:

o A dataset is generated by simulating

various environmental conditions in the PV system. The
training data consists of various combinations of irradiance,
temperature, and voltage along with the corresponding
optimal duty cycle obtained using the traditional IncCond
method.
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o The Random Forest model is trained using
this dataset, where the features (irradiance, temperature,
voltage) are used to predict the optimal duty cycle. The
model is trained on historical data, and the final prediction is
an average of the outputs from multiple decision trees.

3. Duty Cycle Prediction:

Once trained, the RF model predicts the duty cycle based on
the input environmental variables. The predicted duty cycle is
then used to control the DC-DC converter, ensuring that the
PV system operates at the maximum power point.

4. Model Validation:

The RF model is validated against the traditional IncCond
method by comparing the predicted duty cycles under various
conditions of irradiance and temperature. The performance is
evaluated in terms of power tracking accuracy, convergence
time, and stability.

In the Simulink environment, the RF model was implemented
using the MATLAB function block, which calls the trained
Random Forest model to predict the duty cycle based on real-
time input values. This method allows for adaptive tracking
of the maximum power point, learning from past data to
adjust to environmental changes effectively.

3.4 Simulation Setup and Environment

. Simulation Conditions: The simulations are
performed under a range of environmental conditions to
evaluate the performance of both MPPT methods. These
include varying irradiance levels and temperatures.

. Simulink Blocks: The PV system, the MPPT
controllers (IncCond and RF), and the DC-DC converter are
all model using Simulink blocks. The control signals are fed
to the PWM block to adjust the duty cycle of the converter,
thereby regulating the power output of the PV system.

. Performance Metrics: Key performance metrics,
such as tracking efficiency, power output accuracy, and
convergence time, are used to compare the performance of
the two MPPT techniques under different conditions.

3.5 Implementation Challenges

During the implementation of the RF-based MPPT system,
challenges were encountered in terms of data collection and
model training. Ensuring that the training data covered a wide
range of environmental conditions was essential for the RF
model’s generalization ability. Additionally, real-time
implementation of machine learning models in embedded
systems requires careful consideration of computational
efficiency and memory usage.

4. Simulation and Results

This section presents the simulation results of the two
Maximum Power Point Tracking (MPPT) techniques: the
Incremental Conductance (IncCond) method and the Random
Forest (RF) regression model. The simulations were carried
out in MATLAB Simulink under varying environmental
conditions to evaluate and compare the performance of both
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methods in terms of tracking efficiency, response time, and
power output accuracy. The results provide insights into the
strengths and limitations of each method in real-world
conditions.

4.1 Simulation Setup

The simulations were performed using a solar PV system
model implemented in MATLAB Simulink. The system
consisted of a PV panel, a DC-DC converter, and the
respective MPPT algorithms (IncCond and RF). The key
parameters of the PV system were set as follows:

. PV Panel Characteristics: The panel had a nominal
voltage of 20V, and its power output was influenced by
irradiance and temperature conditions.

. DC-DC Converter: A buck converter was used to
regulate the output voltage and adjust the duty cycle based on
the control signals from the MPPT algorithms.

. Environmental Variables: The irradiance levels
and temperature were varied during the simulations to
evaluate the performance under different operating
conditions. The simulations were run for 6 minutes in each
case, with data collected at regular intervals (1-second
resolution) for tracking the PV system’s power output.

Fig. 1: Simulink model for INC

Fig.2 : Simulink model for RF
4.2 Results for Incremental Conductance

The Incremental Conductance (IncCond) method was
implemented and the results obtained for the tracking
performance are as follows:

-No Parameters INC
Method
1. | Panel Voltage Vv (V) 64.43
2. | Panel Current I,y (A) 11.13
3. | Irradiation (W/m?) 1000
4. | Temperature (°C) 25
PV Maximum Power/MPPT 771.4
5.
W)
6. | Output Voltage (V) 119.2
7. | Output current (A) 5.958
8. | Efficiency(%) 82.48

N/

Fig.3: PV array voltage with INC Method

— R ————

Fig.4 : PV array maximum power with INC Method
4.3 Results for Random Forest

The Random Forest (RF) regression-based MPPT method
and the results obtained for the tracking performance are
summarized as follows:

RF
S. No.| Parameters Method
1. | Panel Voltage Vyy (V) 58.91
2. | Panel Current Iy (A) 14.45
3. | Irradiation (W/m?) 1000
4. | Temperature (°C) 25
PV Maximum Power/MPPT

5. (W) 851.2
6. | Output Voltage (V) 132
7. | Output current (A) 6.6
8. | Efficiency(%) 94.23

Fig.5 : PV array voltage with RF

Fig.6 : PV array maximum power with RF
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4.4 Discussion of Results

The results clearly indicate that the Random Forest (RF)
method outperforms the Incremental Conductance (IncCond)
method in terms of tracking efficiency, convergence time,
and power output accuracy. The RF method's ability to learn
from historical data allows it to adapt to changing
environmental conditions quickly and accurately, making it a
promising candidate for MPPT in real-time solar PV systems.
The IncCond method, while still effective in traditional
applications, exhibits slower convergence and slightly less
accuracy under fluctuating conditions.

Furthermore, the RF model’s robustness and faster response
to changes in environmental conditions suggest that it may be
more suitable for applications where rapid adaptation to
varying irradiance and temperature is critical, such as in
partially shaded areas or regions with highly variable
weather.

5. Conclusion of Simulation Results

Both the Incremental Conductance and Random Forest
methods were successful in tracking the maximum power
point, but the RF-based MPPT algorithm demonstrated
superior performance in terms of tracking -efficiency,
response time, and overall stability. The results suggest that
machine learning techniques like Random Forest have the
potential to offer enhanced performance for MPPT
applications, especially in environments with dynamic
conditions.
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