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Abstract:

Introduction: Electrifying rural areas in developing countries presents numerous
challenges, including the limited reach of conventional power grids, high upfront
infrastructure costs, and insufficient maintenance capabilities. Additionally,
regulatory restrictions and logistical obstacles, such as difficulties in transportation
and security concerns, further complicate efforts to expand electricity access.
Overcoming these barriers necessitates the implementation of a dependable and
economically viable solution that can provide a consistent and sustainable power
supply, ensuring long-term benefits for rural communities.

Objectives: This study is dedicated to the development of a Hybrid Power
Generation (HPG) system that combines multiple renewable energy sources to
improve both reliability and efficiency. The research emphasizes the use of a
machine learning-based approach to optimize power generation by implementing a
real-time Maximum Power Point Tracking (MPPT) technique. This ensures optimal
energy conversion, even under dynamic environmental conditions such as
fluctuations in sunlight and wind speed, ultimately enhancing the system’s overall
performance and sustainability.

Methods: The proposed Hybrid Power Generation (HPG) system integrates solar
and wind energy sources using a dual-input DC-DC buck-boost converter, which
allows both sources to function independently while maintaining simultaneous
operation. This integration enhances the system’s reliability and ensures a stable
power supply. To optimize the Maximum Power Point Tracking (MPPT) process, a
Linear Regression-based Machine Learning Algorithm is employed, which
dynamically adjusts the duty cycle of the converter through a microcontroller-driven
data storage unit. This algorithm effectively predicts the optimal duty cycle, even in
the presence of Partial Shading Conditions (PSC) and rapidly changing atmospheric
factors. The system’s efficiency and adaptability are assessed under three different
shading scenarios: zero shading, weak shading, and strong shading, demonstrating
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its capability to maintain consistent performance across varying environmental
conditions.

Results: The developed Hybrid Power Generation (HPG) system exhibits
exceptional efficiency across different shading scenarios, with recorded efficiencies
of 99.91% in zero shading, 99.38% in weak shading, and 99.78% in strong shading
conditions. Furthermore, the system demonstrates rapid response times, achieving
convergence within 0.4 seconds under zero shading, 0.8 seconds under weak
shading, and 1.4 seconds under strong shading. A comparative assessment against
traditional Maximum Power Point Tracking (MPPT) algorithms underscores the
enhanced performance of the Linear Regression-based Machine Learning
Algorithm. By effectively optimizing power extraction, the proposed system ensures
stable and efficient energy generation, making it a reliable solution for sustainable
power supply.

Conclusions: The findings of this study validate that the proposed Hybrid Power
Generation (HPG) system, enhanced through a Linear Regression-based Machine
Learning Algorithm, provides a highly efficient and dependable solution for rural
electrification. By maintaining consistently high efficiency across diverse
environmental conditions, the system proves to be a practical and sustainable
alternative for power generation in developing regions. Its ability to adapt to
variations in solar and wind energy availability ensures reliable energy access,
making it a promising approach to addressing the challenges of rural electrification.

Keywords: Hybrid Power Generation, Linear Regression, Machine Learning,
Maximum Power Point Tracking, Partial Shaded Condition, Renewable Energy
Sources, Solar Energy, Wind Energy.

1. Introduction

Rural electrification play significant role in the socio-economic development of rural village which
converter the important services like education, health care and communication. Many of the rural
village in the globe are facing the issues of electrification due to the difficulty to extend the
conventional grid [1]. The notable barriers of rural electrifications are limited infrastructure, nature
of geographical location, lower income level, and lack of awareness. In globally, many rural villages
are located at south east Asia and Africa where they are facing unavailability of electricity. In India,
initiatives like the Deen Dayal Upadhyaya Gram Jyoti Yojana (DDUGJY) are introduced, but still
many villages are yet to be electrified. To address these challenges, a decentralised power
generation is essential for uplifting the socio-economic development. The proposed research focuses
on an efficient decentralised approach.

Hybrid Power Generation (HPG) [2] is a decentralised power generation approach which combines
two independent sources of energy to meet the load demand by ensuring reliability. HPG system can
be either using conventional sources of energy or RES, however, using RES is more sustainable
approach. The HPG system overcomes the setbacks of using single energy source to meet the load
demand. The proposed HPG utilising both solar and wind energy to meet the load demand of rural
areas where traditional grid is not admissible. The HPG ensures energy security by providing the
utilisation of diversifying energy sources minimizes the emission of greenhouse gases and reduces
dependencies of single source of energy. At present, the trend in energy sector moving towards RES,
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and the role of HPG is highly essential for modern energy infrastructure. Therefore, the proposed
HPG is treated as one of the feasible solution for rural electrification.

In order to operate the RES in maximum efficiency an optimising algorithms are desirable. There are
traditional and Artificial Intelligence (Al) [3] based optimizing algorithms are available to adopt in
RES. Machine Learning (ML) [4] based algorithms are most commonly used in the modern RES
applications. The proposed HPG consists of solar and wind energy sources, it is essential to operate
the solar energy in the Maximum Power Point condition, so that maximum efficiency can be
ensured. ML based algorithms are can predict energy demand, optimise resource allocation, and
improves the decision making. In addition to that, ML based algorithms are suitable for Partial
Shaded Condition (PSC) [5], prevent equipment failure, reduce maintenance time, and saves the
money. In general, ML based algorithms works based on prediction. In this research, the weather
data of Mavinahunda site, Raybagh Taluk, Belagavi district, Karnataka is collected using the open
source data of Karnataka Renewable Energy Development Limited (KREDL), India. In this research,
regression based ML algorithm helps to operate the Solar Photovoltaic Panel (SPV) at its maximum
efficiency. The complexity of HPG is minimized using regression based ML algorithm. The block
diagram of proposed HPG is shown in Figure 1.

SPV Panel

Dual Input
Buck-Boost

\ Converter
4 | AC

* Wind Turbine Power Rectifier
Generator

—> Standalone
Load

\ 4

Figure.l. Block diagram of proposed solar-wind HPG

The dual input dc-dc buck —boost converter [6] integrates two independent RES such as solar and
wind energy simultaneously or independently as mentioned in Figure 1. The regression based
Machine learning algorithm is added in the form of feed forward control to make the SPV panel at
maximum efficiency. Also, it helps to predict the optimum value of duty cycle to operate the dual
input dc-dc buck boost converter/ the regulated output of power converter is supplied to the
standalone load. Since the system is standalone, an efficient battery unit is added in HPG.

In the growing field of energy systems, various researches have been done on HPG and the use of
machine learning (ML) to optimize energy production and distribution. Nevertheless, there is still a
remarkable gap when it comes to integrating ML-driven optimization into HPG designed specifically
for rural electrification [7]. While some studies have focused at how ML can improve the efficiency
of individual RES like solar or wind, there is limited research on how these technologies can be
combined in rural areas. These regions face unique challenges, such as unreliable power supply,
limited infrastructure, and fluctuating energy demand.
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Most existing research concentrates on urban or industrial settings, where the power grid is reliable
and energy needs are more predictable. Rural areas, on the opposite hand, have different needs due to
their isolation, lower population density, and socio-economic factors, which have not been
thoroughly studied. Additionally, there is a slackness of practical, real-world studies showing how
ML-based hybrid power systems can be effectively implemented in rural electrification beyond just
theoretical models or small pilot projects. Addressing these research gaps would greatly enhance the
development of more reliable, efficient, and sustainable energy solutions for rural communities that
are currently underserved. The main objectives of the proposed research are to develop a software
model of HPG added with regression based ML algorithm for improving the efficiency. Also, to
validate the superior performance of regression based ML algorithm, comparison with other popular
algorithm is also carried out in this work. The entire research article is segmented as follows: section
2 presents extensive literature review, section 3 explains materials and methods, section 4 presents
detailed results and discussion and section 5 concludes the paper.

2. Objectives

The primary objective of this research is to develop a Hybrid Power Generation (HPG) system that
integrates multiple renewable energy sources to provide a sustainable and efficient solution for rural
electrification in developing countries. The study aims to address key challenges such as limited grid
accessibility, high initial costs, poor infrastructure maintenance, and regulatory barriers by utilizing a
combination of solar and wind energy. A key goal is to design and implement a double input DC-DC
buck-boost converter that enables simultaneous and independent operation of both energy sources,
thereby improving system reliability and efficiency. Furthermore, this research seeks to optimize the
Maximum Power Point Tracking (MPPT) process through the implementation of a Linear
Regression-based Machine Learning Algorithm. The objective is to enhance energy extraction
efficiency by accurately predicting and adjusting the duty cycle of the converter in real-time, even
under dynamic environmental conditions such as Partial Shading Conditions (PSC) and fluctuating
atmospheric parameters. Another major objective is to evaluate the system’s performance under
various shading conditions, including zero shading, weak shading, and strong shading, to analyse
efficiency and convergence time. The study also aims to conduct a comparative analysis between the
proposed algorithm and conventional MPPT techniques to validate its superiority in terms of power
optimization, response time, and overall system performance. Additionally, the research aims to
explore the feasibility of deploying the proposed system in off-grid rural areas, ensuring its
scalability and adaptability to different climatic and geographical conditions. By achieving these
objectives, the study aspires to contribute towards developing a cost-effective and reliable renewable
energy solution that can enhance energy accessibility, support socio-economic growth, and promote
sustainability in underdeveloped and remote regions. Future directions of this research include
integrating additional renewable energy sources, incorporating predictive maintenance strategies, and
implementing real-time monitoring to further enhance the efficiency and resilience of the HPG
system.
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3. Literature Review

The literature review include the review of existing HPG, the significance of ML algorithm in HPG,
overview of HPG projects and the gap identification of existing research work. The comprehensive
literature review of various articles is presented here.

A. The review of existing optimizing algorithms used in HPG

There are conventional and Al based optimizing algorithms are used in HPG. Since, the main focus
is solar based HPG; the optimizing algorithm is referred as Maximum Power Point Tracking (MPPT)
algorithms. The reviews of popular MPPT algorithms are presented here.

A. Chellakhi et al., developed a Perturb & Observe (P&O) based MPPT algorithm for Hybrid Power
Generation (HPG) systems. The P&O method is easy to implement, requires minimal computational
resources, and is straightforward to understand. However, it exhibits oscillations around the
Maximum Power Point (MPP) under rapidly changing atmospheric conditions, resulting in power
loss and making it unsuitable for Partial Shading Conditions (PSC). The authors also highlighted its
slower response time in dynamic conditions. The Hill Climbing algorithm, which shares similarities
with P&O but accounts for temperature, also demonstrates poor performance in fluctuating
environments.

H. Abouobaida et al., developed the Incremental Conductance (INC) algorithm for Hybrid Power
Generation (HPG) systems, noting its superior performance over P&O in rapidly changing
atmospheric conditions, with fewer oscillations around the Maximum Power Point (MPP). However,
INC has drawbacks, including higher memory requirements, slower response time, and the need for
precise current and voltage measurements. B. Gu et al., proposed a Fuzzy-based optimizing
algorithm for HPG systems, which effectively handles non-linear and dynamic conditions. Despite
its ability to manage environmental uncertainties, the design complexity and membership function
formation require significant computational resources.

O. S. Alemdar et al,. highlighted that Artificial Neural Network (ANN)-based algorithms offer high
tracking accuracy for optimizing Hybrid Power Generation (HPG) systems, with the ability to learn,
adapt, and reduce oscillations around the Maximum Power Point (MPP). However, ANN requires
extensive data training, significant computational resources, memory, and involves complex design
and implementation. P. Manasa et al., suggested that Particle Swarm Optimization (PSO) is well-
suited for Partial Shading Conditions (PSC) due to its fast convergence to MPP and suitability for
rapidly changing environments. However, it requires high-speed computing devices and precise
tuning to achieve optimal performance.

A. Awad et al., discussed the use of a Genetic Algorithm (GA) for real-time MPPT in Hybrid Power
Generation (HPG) systems. GA is effective for Partial Shading Conditions (PSC) and rapidly
changing environments, capable of optimizing multiple parameters and finding global maxima in
complex non-linear conditions. However, GA has slower convergence compared to PSO and requires
fine-tuning for optimal performance. A. Ostadrahimi et al., explored Ant Colony Optimization
(ACO) for HPG, which accurately identifies the Maximum Power Point (MPP) in PSC but also has
slower convergence and requires precise tuning. N. Priyadarshi et al., examined Differential
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Evolution (DE) in solar-based HPG, noting its high accuracy in finding global MPP and faster
convergence compared to traditional algorithms. DE is flexible in handling various optimization
problems but requires tuning, high-speed computing, and extensive experimentation.

B The review of existing HPG systems

The HPG includes more than one combination of energy sources. The combination can be either
RES or conventional source, and combination of both the sources. The detailed review of possible
combinations of HPG is presented here.

A. Chellakhi et al., highlighted the practical feasibility of a solar-biomass Hybrid Power Generation
(HPG) system, emphasizing sustainability, the complementary nature of solar and biomass, and
waste utilization. However, challenges include biomass availability, storage space, reactor design,
and gas emissions. P. Kuntal et al,. discussed the wind-diesel combination, noting its reliability,
feasibility, and suitability for remote applications, but pointed out fuel dependency, CO2 emissions,
and wind power intermittency as key drawbacks. S. Jha et al., explored the solar-diesel HPG system,
finding it provides reliable backup, peak shaving, and is suitable for versatile applications due to the
complementary nature of both energy sources.

S. El Idrissi Essebtey et al., explored the feasibility of a wind-biomass combination, citing
continuous power supply, reduced fuel use, and environmental benefits as advantages. However,
real-time implementation faces challenges like complex operations, biomass availability, and high
infrastructure costs. S. Tyagi et al., reviewed the solar-hydro hybrid system, highlighting its
complementary nature and effective energy storage. The primary obstacles include geographical
limitations, ecological impacts from dam construction, and high initial investment.

S. Puchalapalli et al., presented a solar-wind-diesel combination, highlighting its high reliability but
noting the need for complex control systems. A. EI-Ayoubi et al., proposed solar-wind-biomass as a
viable HPG option due to its complementary energy mix, sustainability, and waste utilization, though
complex integration, high maintenance, and resource dependency pose challenges. W. Zuo et al,
studied the wind-diesel-biomass combination, finding it reliable, flexible, and with reduced
greenhouse emissions, but environmental impact, complexity, and fuel logistics remain obstacles. A.
B. d. Oliveira Neto et al., explored the solar-wind HPG system for rural and isolated areas, citing
complementary energy production and scalability, though challenges like high capital costs, space
requirements, and intermittency need to be addressed with optimization techniques. The proposed
research uses the solar-wind combination for rural electrification.

C The role of Machine Learning Algorithm in Hybrid Power Generation

Machine learning (ML) algorithms play a crucial role in optimizing Hybrid Power Generation (HPG)
systems by predicting energy demand, renewable energy output, and enabling dynamic load
balancing, real-time decision-making, and predictive maintenance to enhance energy efficiency. G.
Senthilkumar et al. noted that ML improves predictive accuracy for HPG systems, but requires high-
quality datasets and memory. W. Ahmed et al., highlighted ML's potential to optimize operational
costs, though implementation is expensive due to the need for advanced hardware and software. R.
Colucci et al., emphasized the scalability of HPG systems, but noted infrastructure challenges in
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rural areas. ML excels at handling non-linearities, making it effective during Partial Shading
Conditions (PSC) and rapidly changing weather. A. Djellad et al., suggested that ML offers
advantages in prediction, adaptability, and real-time decision-making over traditional methods. K.-H.
Chao et al., recommended regression-based ML for its simplicity, ease of implementation, quick
training, and low computational demands, making it suitable for smaller datasets. The proposed
research incorporates a linear regression-based ML algorithm for optimizing the solar-wind HPG
system.

4. Materials and Methods

The proposed HPG system consisting of two independent RES such as solar and wind energy
sources, double input dc-dc buck-boost converter, ML based MPPT controller, and the electrical
load. In order to adopt regression based ML algorithm in the HPG, data set is required. Regarding the
data collection, the temperature and solar irradiance Mavinahunda site, Raybagh Taluk, Belagavi
district, Karnataka, India is collected using the open source data of Karnataka Renewable Energy
Development Limited (KREDL).The steps involved for the implementation of proposed HPG is
illustrated in Figure 2

| Problem identification & requirement analysis |

~~

I System design & Component selection I

~~

I Machine Learning Model Development |

~~

| System Integration & Implementation I

e

| Monitoring & Optimization |

<~

’ Evaluation & Scaling ]

Figure. 2. Steps for the implementation of HPG
A. Components details of proposed HPG

In order to familiar the HPG, the components details are necessary. The components are selected for
the implementation of hardware prototype. Once the prototype is tested, HPG can be implemented
for the large scale.

a. Solar Panel

The SPV panel converts sunlight directly into electrical energy using photovoltaic cells. It serves as
one of the primary RES in the HPG system. The output from the SPV panel is in the form of direct
current (DC), which is then fed into the dual input buck-boost converter. The efficiency of the SPV
panel is maximized using a machine learning-based feed-forward control, which predicts and adjusts
the operating conditions to ensure optimal performance. The efficiency of solar panel is calculated
using the equation (1)

P Vmp X Imp
ﬂspv P GxA ( )

in

Here nspv indicates efficiency of solar panel, Pmax is the output of solar panel, Pi, is the incident solar
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power, Vmp is the voltage corresponding to the maximum power, Imp is the current corresponding to
the maximum power, G indicates solar Irradiance (W/m?), and A is the area of SPV panel in m?.

b. Wind turbine generator

The wind turbine generator [30] captures kinetic energy from the wind and converts it into
mechanical energy, which is then transformed into electrical energy via an AC Generator. The output
from the wind turbine is typically in the form of alternating current (AC), which is rectified into DC
using a power rectifier. This DC output is then supplied to the dual input buck-boost converter for
further processing.

c. Power Rectifier

The power rectifier is a crucial component that converts the AC output from the wind turbine
generator into DC. This conversion is necessary for integrating the wind energy source with the DC-
DC converter and ensuring compatibility with the other components of the HPG system. In this
proposed HPG system, the power rectifier is uncontrolled rectifier using power diode.

d. Dual input buck-boost converter

The dual input buck-boost converter [31] is a versatile DC-DC converter that can step up or step
down the voltage from the two independent RES (solar and wind). This converter can operate with
inputs from either one or both sources simultaneously. The converter is controlled by a regression-
based machine learning algorithm, which optimizes the duty cycle (D) to maintain a regulated output
voltage despite variations in input power or load conditions.

e. Standalone load

The standalone load represents the electrical devices or systems that consume the power generated
by the HPG system. The load is isolated from the main grid, meaning it relies solely on the HPG
system for its energy needs. The dual input buck-boost converter ensures that the load receives a
stable and regulated power supply. In the proposed research, light load is considered as standalone
load.

f. Battery unit

Given that the HPG system is standalone, a battery unit is integrated to store excess energy generated
by the solar and wind sources. This stored energy can be used during periods of low energy
generation or high demand, ensuring continuous power availability. The battery unit enhances the
reliability and efficiency of the overall system, especially during fluctuating weather conditions.

g. ML based optimizing algorithm

The ML plays an important role in the proposed HPG system by optimizing the operation of the SPV
panel and the dual input buck-boost converter. By analyzing data and predicting the optimal duty
cycle, the algorithm ensures maximum efficiency in energy conversion and regulation, adapting to
changing environmental conditions and load demands.

B Implementation of Machine Learning Algorithm

Machine learning algorithms use mathematical techniques and logical rules to process data and
adjust to achieve desired outcomes, whether quantitative or logical. They are crucial for decision-
making, forecasting, optimization, logistics, and data analysis, relying on precise data for
effectiveness. Based on input, they generate outputs such as quantities, classifications, or logical
conclusions. The three main types of machine learning algorithms are Supervised Learning,
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Unsupervised Learning, and Reinforcement Learning.
Linear regression is a simple yet accurate prediction model in supervised learning. In solar
photovoltaic (SPV) systems, it predicts the duty cycle for a boost converter, enabling voltage and
current tracking. This ensures maximum power output under varying conditions like shading and
microclimates. The use of a regression algorithm for this purpose is called a regression controller,
effectively implementing maximum power point tracking (MPPT) in SPV systems.
The regression controller distinguishes itself from traditional MPPT algorithms by predicting the
boost converter's duty cycle using a best-fit approach. In this controller, the solar PV panel's voltage
(independent variable) and the PWM of the DC-DC boost converter (dependent variable) are used to
predict the optimal duty cycle. This method ensures maximum power output under partial shading
conditions with high accuracy and minimal computational effort. Linear regression, a machine
learning algorithm, is employed to predict the PWM value based on variables such as voltage and
current, analyzing the relationship between dependent and independent variables.

y=mx+c 2
In the general equation (2), x stands for input training data, y indicates labels to the data, m is the
intercept, and c is the coefficient of x. During model training, the algorithm accurately predicts the
optimal value of y by precisely determining the tuning parameters m and c. The flow chart of optimal
duty cycle prediction using voltage and solar irradiation is shown in Figure 3. In the proposed
regression controller, the microcontroller's memory stores the voltage and current values obtained
from the respective sensors. These stored values are then utilized to calculate the duty cycle using the
Gradient Descent regression technique [33].The equation (2) can be modified and presented in the
equation (3)

m I Solar panel I
.Q, i 7

Current & Voltage I
Sensor

| Microcontroller for k—

I Regression Controller I

PWM from
Microcontroller Current & Voltage
Sensor at load
| Duty cycle prediction

Figure. 3. Optimal duty cycle prediction using regression controller

y(D)=mx(voltage from x axis of PV curve)+c 3)

In the equation (3) D stands for duty ratio of double input dc-dc buck-boost converter, m represents
the slope , and c is the constant factor. A gradient descent algorithm is involved in the regression
controller. While analysing the gradient descent algorithm, the cost function needs to be considered.

The cost function can be computed using the formulae (4)
2

1=02(0,-y)) @

n“s
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In the equation (4), J represents cost function, n is the total number of samples, Dj is the predicted
value of duty ratio, y; is the actual value of duty ratio. The steps of linear regression model are
presented Figure 4. The overall process involves continuously acquiring accurate current and voltage
values from a solar SPV panel using sensors, then utilizing a linear regression model to determine
the relationship between the duty cycle of double input buck-boost converter and the measured
variables.

Measurement of current & voltage using
current and voltage sensors

~~

Finding the relation between dependent
variable & independent variables

~>

Calculation of duty cycle (dependent variable)
Based on measurement of independent variable

>

Calculation of ‘m’ and ‘¢’ according to gradient
descent algorithm to chose best prediction of ‘D7

~g

Diagnostic checking to identify the fitness
of the chosen prediction

- =

| Tuning , optimization and best forecasting |

Figure. 4. Steps involved in the linear regression model

Through the gradient descent algorithm, the best-fitting model parameters are optimized, and
diagnostic checks are performed to ensure model accuracy. If the model is not accurate, fine turnings
are made by changing the learning rate to improve predictions.

C Data collection method

To implement the linear regression model, solar and wind data from the Mavinahunda site in
Raybagh Taluk, Belagavi district, Karnataka, was obtained from KREDL. This dataset is used to
train the model, with the duty cycle as the dependent variable and environmental factors as
independent variables. Figure 5 illustrates the data collection process.

System components and data sources
ke
.

Identification of key variables:
Dependent variables and Independent variables

L J
.

Data collection Process: Climatic data collection
Data logging and storage

. 2

Data pre-processing :
Data cleaning & data splitting
|

\}

Training the Linear Regression model
Model training, testing and validation

| |

| Tuning , and optimization I

Figure. 5. Overview of data collection method
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The proposed HPG system integrates solar and wind energy sources, requiring data from these
sources for training the machine learning model. Current and voltage sensors monitor real-time
outputs from solar panels and wind turbines, while light intensity sensors capture partial shading
effects. Climatic variables such as temperature, humidity, wind speed, and solar irradiance are
monitored by weather stations or system sensors and serve as independent variables.

The data collection process starts with installing current and voltage sensors at key points in the
system, including solar panels, wind turbines, and the load side. These sensors continuously monitor
and record electrical parameters, with data stored in a microcontroller or a dedicated storage system
for analysis. Concurrently, climatic data—such as temperature, humidity, wind speed, solar
irradiance, and shading—is collected using weather stations and environmental sensors near the
hybrid system. The microcontroller acts as the central hub, logging and processing data at regular
intervals to capture all operating conditions.

For data pre-processing, clean the dataset by removing outliers, missing values, and noise to enhance
accuracy. Generate new features if necessary, such as normalized current and voltage values or
combined indices for shading and climate conditions. Split the dataset into training (70%) and testing
(30%) sets. Train the linear regression model with the training data to learn the relationship between
independent variables (e.g., shading and climate changes) and the dependent variable (duty cycle).
Evaluate the model's performance using testing data and metrics like mean squared error (MSE) [34].
Finally, fine-tune the model's parameters to improve predictions, adjusting aspects such as learning
rate or applying regularization techniques.

D. Implementation details

MATLAB 2024a is used to develop the HPG system, utilizing toolboxes for data analysis,
simulation, and machine learning. Simulink models and analyzes the HPG system, while the
Statistics and Machine Learning Toolbox implements the Linear Regression model. The
Optimization Toolbox is employed for fine-tuning and optimizing model parameters. Linear
Regression, a supervised learning algorithm, models the relationship between independent variables
(e.g., partial shading, climatic conditions) and the dependent variable (duty cycle) to predict the duty
cycle that maximizes power output. Gradient Descent is applied to reduce model error by iteratively
adjusting coefficients.

The process begins with collecting real-time data on current, voltage, partial shading, and climatic
conditions such as temperature and irradiance. Next, pre-process the data to remove noise and clean
it. Split the dataset into 70% for training and 30% for testing. Use the Statistics and Machine
Learning Toolbox [35] to create the linear regression model, with the duty cycle as the dependent
variable and micro-climatic conditions as independent variables. Train the model with the training
dataset and refine coefficients using gradient descent to minimize prediction error. Model the SPV
panel, Wind Turbine Generator (WTG), and partial shading conditions using resistances. Validate
the model by calculating the Mean Squared Error (MSE) and adjust parameters using the
Optimization Toolbox to enhance accuracy. Finally, predict the optimal duty cycle using linear
regression [35], with hardware implementation as the next research phase.
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5. System Design

The system design consists of design of SPV panel, design of wind turbine generator, design of
double input buck-boost converter, and controller design. The proposed HPG is designed for a small
scale for the purpose of prototype development. The same design can be followed for the large scale
implementation.

A. Design of SPV Panel

Designing a 500W solar panel system to power a 250W lighting load requires determining the
necessary components and evaluating the energy balance between production and consumption.
Assume that system efficiency is considered as 85% by considering losses of components. The
power requirement is calculated using the equation (5)

Prequired: h = M ~ 294W (5)
n 0.85

In the equation (5), n denotes the system efficiency. SPV panel is supposed to produce 294 W to

meet the load demand. The operating voltage of SPV panel (Vpanel) is 18 V. Therefore, current

required for 500 W SPV panel is given by the equation (6)
Poanet  500W

I g
panel V 18V

~27.8A (6)

panel

The energy storage is desirable for standalone applications. In general effective sun hours are
available 4 to 5 hours in a day. Therefore energy generated can be calculated using the equation (7)

E - T (7)

generated panel X sun
The energy consumed by the load can be calculated using (8)
E = I:)Ioad XTI = 250XT

load

Wh/ day (8)

consumed oad

Suppose, the load is operating 4 hours in a day. Therefore, battery size can be computed using (9).
The estimated battery size is 83.33 Ah.

250W x T4 )
12v

_ Econsumed _
battery — -
Vbattery

C

Panels are required to connect series-parallel for meeting the current and voltage in the large scale
implementation.
B. Design of Wind Turbine Generator

The wind turbine generator used in the proposed HPG is 250 VA. The rating of the lighting load is
250 W. The following steps are used to design wind turbine generator for the proposed HPG. The
required power can be computed using the equation (5). The power generated by the wind turbine is
estimated using the equation (10)

1

Puns =5 PAV °C, (10)

wind
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In the equation (10), Pwind is the power generated by wind turbine, p is the air density, A is the swept
area of turbine blade in m?, v is the wind speed in ms?, C, is the power coefficient of turbine.
Suppose, turbine blade has radious r, swept area can be calculated using equation (11)

A=mr? (11)

The energy generated by the wind turbine (Ewind-energy) iS given by the equation (12)
Ewind—energy = I:)wind ><Twind (12)

The sizing of battery can be estimated using the equation (9).
C. Design of double input buck-boost converter

The double input dc-dc buck-boost converter is used to integrate two RES independently or
simultaneously depending on the load demand. The circuit diagram of double input dc-dc buck boost
converter is shown in the Figure 6. The topology includes back to back connection of two buck boost
converter supplied to dc load. The predicted duty cycle is generated using linear regression controller
and supplied to the SWi. The sizing of the double input dc-dc buck boost converter, mode of
operation, design computation is presented in the article [36]. In case, power from Wind Turbine is
not available, the entire HPG works purely on power from SPV panel and vice versa.

,;.:,,

Libiby A

. s * %

C2 Load

S

PV Panel é

il P
/I\ L s D2

Three Phase Rectifier L3

-

Wind Turbine Generator

& =

—re
PWM
Figure. 6. Double input dc-dc buck boost converter

D. Development of linear regression model

To implement a Linear Regression model for Maximum Power Point Tracking (MPPT) of a Solar
Photovoltaic (SPV) system, the mathematical equation (13) is considered.
P =6, + 6, x Irradiance + 6, x Temperature (13)

In the equation (13), 0o, 01, and 0. are the model parameters to be learned. Training the model
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involves finding the optimal value of 0o, 01, and 0. that minimizes the actual and predicted power.
Calculate performance metrics such as Mean Absolute Error (MAE), Mean Squared Error (MSE),
and R-squared to assess the accuracy of the model.
6. Results and Discussions
The proposed hybrid power generation (HPG) system is implemented using
MATLAB/Simulink with the machine learning toolbox [37]. Initially, a 250 W solar
photovoltaic (SPV) panel, a 250 W wind turbine generator, and a double input buck-boost
DC-DC converter are modeled. The effects of partial shading are analyzed, and performance
under various microclimatic conditions is evaluated. A machine learning algorithm is
integrated into the HPG system, and its performance is tested under zero, weak, and strong
shading conditions. Conventional algorithms are also compared to assess the machine
learning algorithm's performance across different conditions. Results are presented
accordingly.
A. Performance of SPV and WTG during rapidly changing environment

The solar and wind energy sources are intermittent. In order to verify the performance of
Solar Photovoltaic Panel (SPV) and Wind Turbine Generator (WTG), MATLAB simulation
carried out at different temperature and irradiance.

I-V Characteristics under Partial Shading
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Figure 7. 1-V and P-V characteristics under partial shading conditions

It can be observed that partial shading effect reduces maximum current produced by the SPV panel,
and results reducing overall current. The 1-V curve of SPV panel is shifted to lower level at the same
voltage level. While considering P-V curve, multiple peaks are observed. The shaded cell draws
power from illuminated cell and the phenomenon is known as hotspot effect. Also, shaded cell
contribute reduction in overall power generation. In view of the Figure 7, an efficient control
algorithm is necessary to operate SPV panel at its Global Maximum Power Point (GMPP) [38]. The
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impact of external parameters to the performance of wind turbine generator is presented in the Figure
8.1t is observed that wind turbine output increases with increase in wind speed and once the optimal
speed is reached, output power remains constant. However, the aerodynamic effect influences on the
wind turbine effect and due to this impact, power can slightly reduce. In the Figure 8 (b), as the air
density increases more kinetic energy to the turbine blades and results in higher output power.

‘Wind Speed Variation
T T T

=

)

0 1 2 3 4 5 6 7 8 9 10

nsity (kg/m3) Wind Speed (m/s

Time (s) (a)
Air Density Variation
1.3 T T T
1.2 q
2 L I L I I
a
= 0 1 2 3 4 5 6 7 8 9 10
<l§ Time (s) (b)
= N Blade Pitch Angle Variation
] T T T 1 .
S ——— ]
2
B4 .
<2 I L L L 1 L L
< 0 1 2 3 4 5 6 7 8 9 10
£
£

Time (s) (¢
Wind Turbine Power Output
T T T

=
S

_- W
> =
S S

T T

| 1 1 1 |
4 5 6 7 8 9 10
Time (s) (d)

Power Output (W)
>

o
[S)
w

Figure 8. Variation of WTG output with respect to external parameters

The blade angle plays important role to regulate the power output of wind turbine generator. A small
pitch angle allows more capturing of energy, whereas high pitch angle doesn’t support capturing of
more energy. The impact of blade pitch angle variation and wind turbine output power is illustrated
in Figure 8 (c) and 8(d).

) SolarPVinput

PaiverOutput [»

) WindTurbinelnput

HybridSubsystem

Figure. 9. Subsystem of proposed HPG in MATLAB/Simulink

The SPV model, WTG model, model of double input buck-boost converter and load are integrated in
MATLAB/Simulink environment. The subsystem of entire HPG is illustrated in Figure 9. The linear
regression algorithm is added in the HPG system and obtained the performance parameters during
Zero Shading Condition (ZSC), Weak Shading Condition (WSC), and Strong Shading Condition
(SSC) [39]. To validate the performance of linear regression based controllers, popularly used MPPT
controllers are added in HPG and evaluated the performance in ZSC, WSC, and SSC.

https://internationalpubls.com 2334



Communications on Applied Nonlinear Analysis
ISSN: 1074-133X
Vol 32 No. 9s (2025)

B. Performance of Controllers in Partial Shading Condition

Whenever a small portion of SPV panel is shaded due to trees, clouds, shadows, or dust which
affects overall performance of SPV panel is known as partial shading. Initially, the performance of
HPG under ZSC is evaluated by considering linear regression and conventional MPPT algorithms.
ZSC is an ideal condition at which SPV panel receives full sunlight without partial shading. In ZSC
SPV panel is exposed to 1000 W/m? and the temperature of 25° Celsius. The Figure 10 depicts
variation of power output of HPG using linear regression controller at ZSC. Linear regression
controller play relatively better regulated output power. The linear regression controllers takes 0.4 to
2.5 s to reach the global power of 118 W.

Power Output vs Time
1006 T T

=@=Power Output | |

90
80

70 -

Power (Watts)

60 -

50

0 0.5 1 1.5 2 2.5
Time (seconds)

Figure. 10. Output power of HPG with linear regression controller under ZSC

The Figure 11 indicates the variation of duty cycle of dual input dc-dc buck-boost converter. There is
a sharp increase in the duty cycle, show cases rapid response from the linear regression controller. It
can be observed that, duty cycle has been reduced after 0.5 s due to the reduction in switching action.

Duty Cycle vs Time

0.5

0.4 -

0.1

0 0.‘5 1 1:5 2

Time (sec)
Figure 11. Variation of duty cycle of dual input dc-dc buck-boost converter using regression
controller under ZSC

It is found that duty cycle becomes stable after 1s. In the same way, evaluated the performance of
linear regression controller in the WSC and the panels are exposed to 800 W/m? in WSC.
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Figure 12. Power ouput of HPG using regression controller under WSC

The Figure 12 depicts regression controller likely plays a significant role in shaping the system's
response to the WSC. The rapid initial increase and the subsequent stabilization recommend that the
controller is effectively managing the power output to maintain system stability.

05 Duty Cycle (WSC) vs Time

0.4 F

0.1

0 0.5 1 1.5 2
Time (seconds)

Figure 13. Duty cycle of HPG using regression controller under WSC

In the Figure 13, the duty cycle rapidly increases and became stable after certain time. The linear
regression controller helps to maintain the HPG stable. The analysis during the SSC is illustrated
here. In the case of SSC, the solar irradiance is considered as 400 to 200 W/m?2.

120 Power Output vs Time during SSC
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Figure 14. Power output of HPG using regression controller under SSC

https://internationalpubls.com 2396



Communications on Applied Nonlinear Analysis
ISSN: 1074-133X
Vol 32 No. 9s (2025)

It can be observed from the Figure 14, linear regression controller effectively manages power output
to ensure system stability. The SSC impacts the performance of entire system compared to ZSC and
WSC.

Duty Cycle vs Time under SSC

0 0.5 1 1.5 2
Time (sec)

Figure 15. Duty cycle of HPG using regression controller under SSC

The Figure 15 indicates initial increase of duty cycle, gradual decrease and stabilizes after 1s. The
regression controller is effective to regulate the duty cycle under SSC.

C. Comparative Analysis of regression controllers with popularly used MPPT controllers

In order to validate the performance of regression controller, a comparative analysis with popular
MPPT controllers such as Perturb & Observe (P&O), Particle Swam Optimization Algorithm (PSO),
and Firefly Algorithm (FA). The parameters such as voltage at maximum power point (VMPP),
current at maximum power point (IMPP), Power at MPP, and Efficiency are considered. The Figure
16 illustrates voltage at maximum power point of different control algorithm. It is observed that
linear regression controller shows highest voltage at MPP whereas P&O exhibit least voltage at
MPP. While observing PSO, and FA algorithm, voltage at MPP remains same. The performance
comparison of various control algorithms are shown in Table 1. The Figure 17 presents the
comparison of current at MPP. It is found that PSO & P&O exhibit high value of current at MPP.
Linear regression controller shows moderate value current at MPP.

Table 1: Performance comparison of control algorithms during ZSC.

: Current at
Method Vog:%eeffalg/ils?l(wm Maximum Power Powezv?/t) MPP Efficiency (%)
Point (A)
Linear
Regression 66.38 1.8 118.78 99.91
(Method 1)
FA 65.25 168 109.15 99.79
(Method 2) : : . :
PSO
(Method 3) 62.46 2.39 105.25 97.32
P&O
(Method 4) 60.97 2.28 95.52 93.27
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The Figure 18 presents the comparison of maximum power at MPP. The linear gression algorithm
shows superior performance where P&O exhibit poor performance. Also, FA and PSO show cases
similar performance.

Voltage Comparison

PSO P&O

Linear Regression FA

3

w w IS w 2
S S 3 2 S

Voltage at Maximum Power Point (Volts)

s

=

Method

Figure 16. Comparison of control algorithm based on voltage

The Figure 19 illustrates comparison of efficiency of various control algorithms. It is observed that
FA and Linear regression show cases highest efficiency. PSO indicates moderate efficiency and
P&O exhibit least efficiency among four control algorithm.
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Figure. 17. Comparison of control algorithm based on current
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Figure. 18. Comparison of available power at MPP
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Figure. 19. Comparison of Efficiency

The Table 2 presnts the comparative analysis of control algorithms during WSC. The four methods

are compared with respect to four important performance parameters. The graphical analysis is
presented in the Figure 20.

Table 2: Performance comparison of control algorithms during WSC

Voltage at Current at Power at Efficiency
Method Maximum Power | Maximum Power MPP (W) (%)
Point (V) Point (A)
Linear
Regression 40.39 2.73 110.23 99.38
(Method 1)
FA 36.54 2.35 85.48 96.22
(Method 2) ' ' ' '
PSO
(Method 3) 34.58 2.34 80.23 93.32
P&O
(Method 4) 33.69 2.07 70.45 90.27

Method 1 (Linear Regression) recorded the highest voltage at the maximum power point, followed
by Method 2 (FA), Method 3 (PSO), and Method 4 (P&O). Both Method 1 and Method 3 produced
similar current values, while Method 2 and Method 4 had slightly lower values. Method 1 also
delivered the highest power output, with the other methods ranked in the same order. Efficiency was
high across all methods, with Method 1 leading. Based on these results, Method 1 is the most

effective overall, but the choice of algorithm may vary depending on specific application needs and
performance priorities.
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Comparative Analysis of Voltage, Current, Power, and Efficiency
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Figure. 20. Comparative Analysis of control algorithm during WSC
The SSC severely impacts on the performance of HPG system. In view of this fact, the performance

parameters are computed and presented in Table 3.

Table 3: Performance comparison of control algorithms during SSC

Voltage at Current at Power at
Method Maximum Power | Maximum Power MPP (W) Efficiency (%)
Point (V) Point (A)
Linear
Regression 54.84 1.79 98.16 99.78
(Method 1)
FA 56.28 154 86.67 98.72
(Method 2) ' ' ' '
PSO
(Method 3) 57.24 1.49 85.29 96.32
P&O
(Method 4) 22.47 1.35 30.36 95.27

Method 1 (Linear Regression) yielded the highest voltage, followed by Method 2 (FA) and Method 3
(PSO), while Method 4 (P&O) produced a notably lower voltage. In terms of current, Methods 1 and
2 displayed similar levels, with Methods 3 and 4 having slightly reduced values. Method 1 also
delivered the greatest power output, followed by Methods 2 and 3, with Method 4 generating the
lowest. Efficiency was high across all methods, with Methods 1 and 2 leading, and Method 4 slightly
lagging behind.
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Figure. 21. Comparative Analysis of control algorithm during SSC

Overall, Method 1 proved to be the most effective control algorithm, though the optimal choice may
depend on the specific application's performance requirements. The Figure 21 depicts comparative
analysis of control algorithms during SSC.

7. Conclusions

In conclusion, the proposed Hybrid Power Generation (HPG) system, integrating solar and wind
energy through a double input DC-DC buck-boost converter, effectively addresses the challenges of
rural electrification in developing countries. The use of a Linear Regression-based Machine Learning
Algorithm for Maximum Power Point Tracking (MPPT) significantly enhances system performance
under varying atmospheric and shading conditions. The algorithm's accuracy in duty cycle prediction
ensures optimal power output, as demonstrated by the high efficiency levels of 99.91%, 99.38%, and
99.78% under zero, weak, and strong shading conditions, respectively. Moreover, the system
exhibited fast convergence times, validating its robustness and reliability. Comparative analysis with
existing MPPT algorithms further highlights the superior performance of the proposed approach.
Thus, the HPG system offers a promising and feasible solution for reliable rural electrification in
developing regions. Future research could explore the integration of additional renewable energy
sources or advanced storage solutions to further improve system resilience and scalability.
Additionally, expanding the optimization algorithm to include predictive maintenance and real-time
monitoring could enhance system reliability in remote areas.
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