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ABSTRACT 
 

Origin of the solar cell dated back to 1883 when the first solar power generation was invented. A 

solar system converts sunlight into electrical energy through photovoltaic panels and known as 

solar power generation. At present solar power generation shows highest development of among 

all renewable resources. Maximum Power Point Tracking is a method of optimizing the solar 

panel in order to obtain maximum power output from the solar panel. Comprehensive literature 

review of MPPT systems, tracing their historical development and examining conventional and 

modern MPPT methods were carried out and observed existing MPPT methods often fail to 

capture the relationships between voltage, current, irradiance, and temperature parameters which 

directly affect the optimal operating point of a photovoltaic panel without disturbing the energy 

harvesting process, to deliver the maximum power output of the photovoltaic system. As a result, 

the overall efficiency and performance of the photovoltaic system may be compromised.   

 

The proposed solution involves leveraging the capabilities of machine learning approaches to 

learn the complex relations between the voltage, current, irradiance and temperature paraeters 

using random forest regression and the proposed approach aims to overcome the limitations of 

traditional MPPT to obtain optimized output power from photo-voltic system. Developed MPPT 

model is tested using real-world data collected from PV installations under diverse 

environmental conditions. The tests evaluate the model's accuracy, adaptability, and performance 

compared to conventional MPPT techniques. Results demonstrate the effectiveness of the 

machine learning-based approach in improving energy harvesting efficiency and overall system 

performance. The findings suggest that machine learning-based VCIT-MPPT offers a promising 

solution for optimizing PV system performance and maximizing energy yields. In conclusion, 

this thesis presents a novel approach to MPPT leveraging machine learning techniques named as 

VCIT-MPPT, showing significant improvement in efficiency of energy harvesting and MPPT 

system performance. The findings contribute to the advancement of renewable energy 

technologies and pave the way for more efficient utilization of solar power resources. 

 

Keywords: Maximum Power Point Tracking (MPPT), Photovoltaic (PV), Machine Learning 

(ML), Random Forest Regression (RFR) (RFR), Renewable Energy. 



vi 
 

TABLE OF CONTENTS 

                Page 

 

DECLARATION............................................................................................................................. ii 

DEDICATION ............................................................................................................................... iii 

ACKNOWLEDGEMENT ............................................................................................................. iv 

ABSTRACT .................................................................................................................................... v 

TABLE OF CONTENTS ............................................................................................................... vi 

LIST OF FIGURES ....................................................................................................................... ix 

LIST OF TABLES ........................................................................................................................ xii 

LIST OF ABBREVIATIONS ...................................................................................................... xiii 

CHAPTER 1 ................................................................................................................................... 1 

INTRODUCTION .......................................................................................................................... 1 

1.1 Prolegomena ..................................................................................................................... 1 

1.2 Objectives ......................................................................................................................... 2 

1.3 Background and Motivation ............................................................................................. 2 

1.4 Problem in Brief ............................................................................................................... 3 

1.5 Proposed Solution ............................................................................................................ 3 

1.6 Resource Requirement ..................................................................................................... 4 

1.7 Structure of the Thesis...................................................................................................... 4 

1.8 Summary .......................................................................................................................... 4 

CHAPTER 2 ................................................................................................................................... 5 

EVOLUTION OF MAXIMUM POWER POINT TRACKING SYSTEMS ................................. 5 

2.1 Introduction ...................................................................................................................... 5 

2.2 Gestation of Maximum Power Point Tracking Systems .................................................. 5 

2.3 Major Developments ...................................................................................................... 23 

2.4 Future Directions of MPPT Systems .............................................................................. 24 

2.5 Summary of Challenges in MPPT Systems ................................................................... 25 

2.6 Problem Definition ......................................................................................................... 26 

2.7 Summary ............................................................................................................................. 26 

CHAPTER 3 ................................................................................................................................. 27 

TECHNOLOGY ADOPTED ........................................................................................................ 27 



vii 
 

3.1 Introduction .................................................................................................................... 27 

3.2 Machine Learning Based MPPT Technology ................................................................ 27 

3.3 Python............................................................................................................................. 28 

3.4 Sklearn Library ............................................................................................................... 28 

3.5 Random Forest Regression (RFR) ................................................................................. 30 

3.6 Simulation & Data Capturing Software ......................................................................... 31 

3.6.1 MATLAB ................................................................................................................... 31 

3.6.2 Simulink...................................................................................................................... 32 

3.6 Summary ........................................................................................................................ 33 

CHAPTER 4 ................................................................................................................................. 34 

NOVEL APPROACH TO MAXIMUM POWER POINT TRACKING (VCIT-MPPT) ............. 34 

4.1 Introduction .................................................................................................................... 34 

4.2 Hypothesis ...................................................................................................................... 34 

4.3 Input Process Output Model ........................................................................................... 34 

4.4 Input ............................................................................................................................... 36 

4.5 Output ............................................................................................................................. 36 

4.6 Process ............................................................................................................................ 37 

4.7 Features .......................................................................................................................... 38 

4.8 Users ............................................................................................................................... 38 

4.9 Summary ........................................................................................................................ 38 

CHAPTER 5 ................................................................................................................................. 40 

DESIGNING OF VCIT-MPPT ..................................................................................................... 40 

5.1 Introduction .................................................................................................................... 40 

5.2 Top Level Architecture of VCIT-MPPT System ........................................................... 40 

5.3 Modules in the Design.................................................................................................... 42 

5.3.1 Solar Panel Interface Module ..................................................................................... 42 

5.3.2 MPPT Control Module ............................................................................................... 43 

5.3.3 ML Engine .................................................................................................................. 45 

5.4 Selection of ML Model .................................................................................................. 46 

5.5 Model Description .......................................................................................................... 47 

5.6 Summary ........................................................................................................................ 48 

CHAPTER 6 ................................................................................................................................. 50 



viii 
 

IMPLEMENTATION.................................................................................................................... 50 

6.1 Introduction .................................................................................................................... 50 

6.2 OS & Platforms .............................................................................................................. 50 

6.3 Installation of Required Software .................................................................................. 51 

6.3.1 Installation of Python 3.11.......................................................................................... 51 

6.3.2 Installation of Jupyter Notebook 6.4.12 ..................................................................... 52 

6.3.3 Installation of MATLAB R2023b and Simulink 23.2 ................................................ 53 

6.4 Data Acquisition ............................................................................................................. 54 

6.3 Generating Dataset ......................................................................................................... 56 

6.4 Model Training Process ................................................................................................. 59 

6.5 Predicting the Voltage Reference ................................................................................... 62 

6.5 System Interfaces ........................................................................................................... 63 

6.6 Summary ........................................................................................................................ 64 

CHAPTER 7 ................................................................................................................................. 65 

EVALUATION OF VCIT-MPPT SYSTEM ................................................................................. 65 

7.1 Introduction .................................................................................................................... 65 

7.2 Selection of ML Model .................................................................................................. 65 

7.3 Performance Evaluation ................................................................................................. 70 

7.4 Dataset ............................................................................................................................ 72 

7.5 Model Training ............................................................................................................... 73 

7.6 Testing of the Novel Design........................................................................................... 74 

7.7 Evaluation of the Novel Design ..................................................................................... 84 

7.8 Results ............................................................................................................................ 87 

7.9 Summary ........................................................................................................................ 87 

CHAPTER 8 ................................................................................................................................. 89 

CONCLUSION AND FURTHER WORK ................................................................................... 89 

REFERENCES ............................................................................................................................. 91 

 

 

 

 



ix 
 

LIST OF FIGURES 

           Page 

Figure 2.1: Annual power capacity expansion ………………………………..………… 6 

Figure 2.2: V-I Characteristics of a Solar Panel ………………………………………… 6 

Figure 2.3: Typical MPPT Block Diagram .……………………………………………… 7 

Figure 2.4: Basic Impedance Matching Circuit of MPPT ...……………………………… 7 

Figure 2.5 DC-DC converter for MPPT …..……………………………………………… 8 

Figure 2.6: Effects on MPP by Varying Temperature and Irradiance ..……………………  8 

Figure 2.7: Relationship between the OC voltage and temperature ……………………… 9 

Figure 2.8: Flow chart of hill climbing algorithm ……..…………………………………. 10 

Figure 2.9: PV curve for various irradiance levels ...…..…………………………………. 11 

Figure 2.10: Flow chart of INC algorithm .………………………………………………. 12 

Figure 2.11: Flow chart of OC voltage method ………..………………………………… 13 

Figure 2.12: Flow chart of SC current method …………..………………………………. 14 

Figure 2.13 : Two layer ANN in MPPT ………………..…………………………………. 15 

Figure 2.14: ANN model for MPP voltage estimator……..………………………………. 16 

Figure 2.15: Learning & running stages of ML algorithms ………………….…………. 19 

Figure 4.1: IPO model of VCIT-MPPT system …….……………….…………………… 35 

Figure 4.2: Inputs & Outputs of VCIT-MPPT System ……………….…………………… 37 

Figure 5.1: Top Level Architecture of VCIT-MPPT System ……………………………… 41 

Figure 5.2: MALTAB Simulink solar panel interface module integrated to the PV panel .. 43 

Figure 5.3: MPPT control module ………..………………………………………………  44 

Figure 5.4: ML Engine designed in MATLAB Simulink ………………………………… 46 

Figure 6.1: Checking the Python version installed ..………………………………………  51 

Figure 6.2: Jupyter server ………………………....………………………………………  52 

Figure 6.3: Jupyter notebook interface in a web browser …………………………………  53 

Figure 6.4: MATLAB R2023b …………………….………………………………………  53 

Figure 6.5: Simulink 23.2 installed on MATLAB R2023b .………………………………  54 

Figure 6.6: Conventional MPPT simulated in the MATLAB Simulink software simulator  55 

Figure 6.7: MATLAB Simulink software simulator data logging mode .…………………  55 

Figure 6.8: Conventional MPPT simulated in MATLAB Simulink software simulator  



x 
 

with enabled data logging features ………………..………………………………………  66 

Figure 6.9: Output dataset displayed in MATLAB ..………………………………………  57 

Figure 6.10: Generating dataset table in MATLAB .………………………………………  57 

Figure 6.11: MATLAB script to generate CSV dataset ……..……………………………  58 

Figure 6.12: CSV dataset for conventional MPPT using MATLAB …..…………………  58 

Figure 6.13: Importing of Python libraries features .……………………………………… 59 

Figure 6.14: Importing of dataset and converting to DataFrame …...…..…………………  59 

Figure 6.15: Checking for missing values and applying "ffill" to fill missing data ………  60 

Figure 6.16: Splitting the MPPT dataset into training and testing ….…..…………………  60 

Figure 6.17: Training the VCIT-MPPT model using Random Forest Regression …..……  61 

Figure 6.18: Accuracy of the VCIT-MPPT model ………………….…..…………………  61 

Figure 6.19: Defining MPPT function in VCIT-MPPT …………….…..………………… 62 

Figure 6.20: Designing of VCIT-MPPT system in MATLAB Simulink .…………………  63 

Figure 6.21: Py_MPPT function block code …….………………….…..…………………  64 

Figure 7.1: VCIT-MPPT dataset description using Jupyter Notebook …………………… 65 

Figure 7.2: Visualization of VCIT-MPPT dataset using Seaborn pairplot() function ..…… 66 

Figure 7.3: Correlation of VCIT-MPPT dataset using pandas corr() function …………… 66 

Figure 7.4: Visualization of VCIT-MPPT dataset using seaborn heatmap() function ……. 67 

Figure 7.5: Defining, training, evaluating and plotting various models ……..…………… 69 

Figure 7.6: Selection of the machine learning (ML) model for the VCIT-MPPT system .. 69 

Figure 7.7: Actual reference voltage values vs model predicted reference voltage values 

using Random Forest Regression ...………..……………………………………………… 70 

Figure 7.8: Variance and bias plot w.r.t. true line ….………………………………………  71 

Figure 7.9: Description of Dataset .………..………………………………………………  72 

Figure 7.10: Splitting the dataset into training and testing ...……………………………… 73 

Figure 7.11: Training the model using Random Forest Regression .……………………… 74 

Figure 7.12: Fluctuation of voltage reference in conventional MPPT at STC ……………  75 

Figure 7.13: Fluctuation of wattage in conventional MPPT at STC .…..…………………  75 

Figure 7.14: Voltage reference in VCIT-MPPT at STC …………….…..…………………  76 

Figure 7.15: Wattage in VCIT-MPPT at STC ..….………………….…..…………………  76 

Figure 7.16: Fluctuation of wattage in conventional MPPT at Temp. 10 ̊C & Irr. Level  



xi 
 

1,020 W/m2 …..………...…...………………...….………………….…..…………………  77 

Figure 7.17: Wattage in VCIT-MPPT at Temp.10 ̊C & Irr. Level 1,020 W/m2 ..……….…  77 

Figure 7.18: Fluctuation of wattage in conventional MPPT at Temp. 15 ̊C & Irr. Level  

600 W/m2 ……………......…………………...….………………….…..…………………  78 

Figure 7.19: Wattage in VCIT-MPPT at Temp. 15 ̊C & Irr. Level 600 W/m2  …………...... 78 

Figure 7.20: Fluctuation of wattage in conventional MPPT at Temp. 20 ̊C & Irr. Level  

800 W/m2 ……………..………………………...….………………….…..……………….. 79 

Figure 7.21: Wattage in VCIT-MPPT at Temp. 20 ̊C & Irr. Level 800 W/m2 ………….….. 79 

Figure 7.22: Fluctuation of wattage in conventional MPPT at Temp. 22 ̊C & Irr. Level  

1,100 W/m2……………………………………...….………………….…..……………….. 80 

Figure 7.23: Wattage in VCIT-MPPT at Temp. 22 ̊C & Irr. Level 1,100 W/m2 ………….... 80 

Figure 7.24: Fluctuation of wattage in conventional MPPT at Temp. 25 ̊C & Irr. Level  

1,350 W/m2 ……………....……………………...….………………….…..……………….. 81 

Figure 7.25: Wattage in VCIT-MPPT at Temp. 25 ̊C & Irr. Level 1,350 W/m2 ………......... 81 

Figure 7.26: Fluctuation of wattage in conventional MPPT at Temp. 30 ̊C & Irr. Level  

1,250 W/m2 ……...…………………...….………………….…..…………………….…….. 82 

Figure 7.27: Wattage in VCIT-MPPT at Temp. 30 ̊C & Irr. Level 1,250 W/m2 …………...... 82 

Figure 7.28: Fluctuation of wattage in conventional MPPT at Temp. 35 ̊C & Irr. Level  

1,400 W/m2 ……...…………………...….………………….…..…………………….…….. 83 

Figure 7.29: Wattage in VCIT-MPPT at Temp. 35 ̊C & Irr. Level 1,400 W/m2 …………...... 83 

Figure 7.30 PV array configuration and technical data ….….………….…..……………….. 85 

Figure 7.31: Accuracy of the VCIT-MPPT model …….…….………….…..……………….. 86 

Figure 7.32: Cross Validation Scores of the VCIT-MPPT model ...…….…..……………….. 86 

 

 

 

 

 

 

 

 



xii 
 

LIST OF TABLES 

           Page 

Table 2.1: Fuzzy Logic Rule Table……..…………………………….…………………. 18 

Table 2.2: Comparison of various MPPT techniques ……………..….…………………. 22 

Table 7.1: Summary of conventional MPPT vs VCIT-MPPT test results ………………. 84 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



xiii 
 

LIST OF ABBREVIATIONS 
 

Abbreviation   Description 

CUR    Current 

FFILL    Forward Fill 

INC    Incremental Conductance 

IPO    Input Process Output 

IRR    Irradiance 

MAE     Mean Absolute Error 

MSE    Mean Square Error 

MPP    Maximum Power Point 

MPPT    Maximum Power Point Tracking 

PIP    Preferred Installer Program 

PV    Photovoltaic 

PWM     Pulse Width Modulator 

P&O     Perturb and Observe 

REF    Reference 

RFR    Random Forest Regression 

RMSE    Root Mean Square Error 

STC    Standard Test Conditions 

TEMP    Temperature 

TVC     Temperature Voltage Converter 

VOL    Voltage 

 

 

 

 

 



1 
 

CHAPTER 1 

INTRODUCTION 
 

1.1 Prolegomena 

 

Origin of the solar cell dated back to 1883 when the first solar power generation was 

invented by Charles Fritts. A solar system converts sunlight into electrical energy 

through photovoltaic (PV) panels and known as solar power generation. With the global 

revolution, the consumption of electricity has increased tremendously today. For nations 

that significantly rely on fossil fuels for their economies and power supply, this is a 

serious cause for concern. At the same time, there is a huge demand for electricity 

generation. To meet the ever-increasing demand for energy under the current 

circumstances, it is important that renewable energy resources be used to the fullest 

extent possible. There is a growing fear that the world's energy supplies could run out 

soon due to the rapid depletion of fossil fuel reserves. Today resources such as steam, 

nuclear, biomass, geothermal, wind, thermal and solar are used to meet the demand for 

electricity. One such sustainable energy source is solar energy, an endless supply that 

emits no greenhouse gases and is accessible anywhere in the world. Solar photovoltaics 

is a simple and extremely efficient method of capturing solar energy for power 

generation. At present solar power generation shows highest development of among all 

renewable resources [1] [2]. The typical commercial solar panel's efficiency is 

approximately 18% [3]. By continuously monitoring and modifying the operating point 

to meet the maximum power point at which the product of current and voltage (Wattage) 

is highest accessible from the solar panels, Maximum Power Point Tracking (MPPT) 

techniques maximize the power output of PV systems [4]. MPPT is a critical component 

in achieving the highest possible efficiency and power generation from solar 

installations. Major contributions and attractions of MPPT are increased energy 

harvesting, improved system efficiency, adaptation to varying environmental conditions, 

compatibility with different PV technologies [5] [6]. However, traditional Maximum 

Power Point Tracking (MPPT) techniques often struggle with fluctuating environmental 

conditions, such as varying solar irradiance and temperature. 
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This chapter is organized to present objectives, background and motivation, problem in 

brief, proposed solution, resource requirement, structure of the thesis. 

 

1.2 Objectives 
 

Following objectives have been identified to develop machine learning based Maximum 

Power Point Tracking (MPPT) of solar panel. 

 

• Objective 1: Critical review of evolution of Maximum Power Point Tracking 

(MPPT) techniques. 

• Objective 2: In depth study of technologies used in modern Maximum Power 

Point Tracking (MPPT) techniques. 

• Objective 3: Design and implement an ML model that utilizes inputs of solar 

panel voltage, current, irradiance, and temperature to optimize the performance of solar 

panel. 

• Objective 4: Evaluate the implemented solution. 

 

1.3 Background and Motivation 

 

Maximum Power Point Tracking (MPPT) techniques optimize the power output of PV 

systems by continuously tracking and adjusting the operating point to match the 

maximum power point at which the product of current and voltage (Wattage) is 

maximum available from the solar panels. The most basic MPPT methods use a DC–DC 

converter that is run at a duty cycle that, under standard test conditions (STCs), 

generates the pre-defined MPP voltage (VMPP). However, they are unable to reach the 

MPP when not operating at STC by using this method and effects on MPP by varying 

irradiance and temperature [3] [7]. Temperature Gradient method is using two sensors to 

monitor voltage and temperature, and Temperature Gradient method is unable to reach 

the MPP in low irradiance conditions [3]. Perturb and Observe (P&O) and Incremental 

Conductance (INC), two hill climbing techniques, perform well in slowly changing 
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irradiance profiles but may not be able to accurately identify power points in highly 

variable irradiance profiles. [3]. Methods using open circuit voltage and short circuit 

current Measure the parameters of the PV panel on a regular basis, then use the short 

circuit current to determine the MPP and there is an interruption in energy harvesting 

during the time current (ISC) and voltage (VOC) measurements are obtaining  resulting 

lower efficiency of the PV generation [3].  AI techniques based Artificial Neural 

Networks (ANN) and Fuzzy Logic Control (FLC) are most commonly used in the 

maximum power point tracking (MPPT) [7]. Common issue is ANN & FLC controllers 

are using inputs such as irradiance as a dependent parameter of the current of the solar 

panel in which energy harvesting is interrupted. Moreover, one major requirement for 

the ANN to function at its best without having a high training error rate is an accurate, 

standardized, and appropriate training set of data. [8].  

 

1.4 Problem in Brief 

 

Existing MPPT methods often fail to capture the entire relationships between voltage, 

current, irradiance and temperature parameters which directly affect the optimal 

operating point of a PV panel without disturbing the energy harvesting process, to 

deliver the maximum power output of the PV system. As a result of this situation overall 

efficiency and performance of the photo voltic system may compromise. 

 

1.5 Proposed Solution  

 

This thesis presents developing machine learning based Maximum Power Point Tracking 

(MPPT) model that utilizes independent voltage, current, irradiance, and temperature 

sensing without interruption to energy harvesting process as well as to improve 

performance of Photo Voltic (PV) systems. The projected solution involves leveraging 

the capabilities of machine learning models to learn the complex relationships between 

the input parameters (voltage, current, irradiance, and temperature) and the output 

(optimal operating point of the PV panel) from the analysis of collected data which 

enables accurate and efficient MPPT under varying environmental conditions without 
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disturbing the energy harvesting process, to deliver the maximum power output of the 

PV system. 

1.6 Resource Requirement 

 

The design requires following resources. 

Hardware Resources - Computing infrastructure for model development, testing 

and simulation. 

 

Software Resources 

• Development environments (Eg:- Python) 

• Machine learning libraries (Eg:- scikit-learn) 

• Simulation and modeling tools (Eg:- MATLAB, Simulink) 

 

Dataset – Own data collected from simulation environment w.r.t. solar panel 

voltage, current, irradiance of sunlight, and ambient temperature which need to 

be fed into the model. 

 

1.7 Structure of the Thesis 

 

The thesis has been structured under 8 chapters. The consequent chapters will describe 

the literature review, technology adopted, approach, design, implementation, evaluation, 

conclusion and further work. 

 

1.8 Summary 

 

This proposal presented a novel method of developing a machine learning based 

Maximum Power Point Tracking (MPPT) model that utilizes independent voltage, 

current, irradiance, and temperature sensing without interruption to energy harvesting 

and to enhance the performance of PV systems. The proposed method will be modeled 

and tested and compared with traditional MPPT techniques. This solution will overcome 

the drawbacks of the traditional MPPT techniques. 
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CHAPTER 2 

EVOLUTION OF MAXIMUM POWER POINT TRACKING SYSTEMS 

 

2.1 Introduction 

 

In chapter 1 we have presented overall picture of this thesis covering problem definition, 

research problem and the essentials of the solutions. This chapter gives a comprehensive 

literature review in the area of MPPT. The literature review has been structured covering 

gestation of MPPTs, its developments and future directions. Here we also summarize the 

research challengers in MPPT and define our research problem. 

 

2.2 Gestation of Maximum Power Point Tracking Systems 

 

Origin of the solar cell dated back to 1883 when the first solar power generation was 

invented by Charles Fritts. A solar system converts sunlight into electrical energy 

through photovoltaic (PV) panels and known as solar power generation. With the global 

revolution, the consumption of electricity has increased tremendously today. At the same 

time, there is a huge demand for electricity generation. Today resources such as steam, 

nuclear, biomass, geothermal, wind, thermal and solar are used to meet the demand for 

electricity. At present solar power generation shows highest development of among all 

renewable resources [2] [9]. As per International Renewable Energy Agency the annual 

capacity installations over last ten years of time duration (2002 - 2022), tendency of the 

moving towards to renewable energy sources shows significant improvement. Figure 2.1 

shows annual power capacity expansion for last ten years and there was only 15% 

renewable energy share in year 2002 and same was grown up to 85% in year 2022 which 

is a significant improvement over a decade. Additionally, as of the conclusion of 2022, 

the worldwide cumulative installed capacity of solar photovoltaic (PV) systems had 

reached 1,047 gigawatts (GW). Of this total, 191 GW were newly added in 2022 alone. 

Notably, the majority, approximately 59%, of these installations took place in the Asian 

region [9]. 
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Figure 2.1: Annual power capacity expansion for last ten years [9]. 

 

The typical efficiency of a commercial solar panel stands around 18%.[3]. Techniques 

such as Maximum Power Point Tracking (MPPT) enhance the power output of 

photovoltaic (PV) systems by constantly monitoring and fine-tuning the operating point 

to align with the maximum power point. This point signifies the optimal combination of 

current and voltage, resulting in the highest wattage available from the solar panels. [4] 

[10]. VI characteristics of a solar panel is shown in Figure 2.2 [4].  

 

 

 

 

 

 

 

 

Figure 2.2: V-I characteristics of a solar panel [4]. 
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Conventional MPPT techniques uses current and voltage sensors as inputs to micro 

controller or the digital signal processor and vary the width of the pulse given to the gate 

signal of DC-DC converter. Typical MPPT block diagram of shown in Figure 2.3 [8] and 

the basic impedance matching circuit is shown in Figure 2.4 [11]. 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.3: Typical MPPT block diagram [8]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.4: Basic impedance matching circuit of MPPT [11]. 



8 
 

The DC-DC Converter Method represents one of the most straightforward MPPT 

techniques. It operates at a duty cycle configured to generate the predefined Maximum 

Power Point (MPP) voltage (VMPP) corresponding to specific solar irradiance levels 

and temperatures. Figure 2.5 illustrates this basic MPPT setup, showcasing a DC-DC 

converter with a voltage gain denoted as Gv, which effectively simulates a variable 

resistance connecting the PV panel to the load side (RL), alongside the duty cycle of the 

MPPT controller ‘D’ [7] [12].  

 

 

 

 

 

 

 

 

 

Figure 2.5 DC-DC converter for MPPT [12]. 

 

However, this method failed to attain the Maximum Power Point (MPP) outside of 

Standard Test Conditions (STC). The impact of varying irradiance and temperature on 

the MPP is illustrated in Figure 2.6 [7]. 

 

 

 

 

 

 

 

 

 

Figure 2.6: Effects on MPP by varying temperature and irradiance [7]. 
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Temperature Gradient Method, Temperature is a crucial factor affecting the performance 

of photovoltaic (PV) systems. As the temperature of solar panels increases, their 

efficiency tends to decrease. Therefore, incorporating temperature considerations into 

MPPT algorithms is essential for optimizing the overall system performance [13]. The 

Temperature Gradient Method employs two sensors to monitor both the output voltage 

of the PV system and its temperature. Based on the PV module temperature, this method 

adjusts the VMPP accordingly [3] [14]. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.7: Relationship between the OC voltage and temperature [14]. 

 

Based on Figure 2.7, depicting the correlation between the open circuit voltage and the 

temperature of a PV cell, it becomes clear that the open circuit voltage increases in direct 

relation to the cell temperature [14]. The short circuit current of solar cells exhibits a 

weak dependency on temperature, typically showing a slight increase with rising 

temperatures. However, the short circuit current, which is directly related to the 

irradiance of the solar cell, was not factored into the temperature gradient method. 

Consequently, the temperature gradient method falls short in reaching the Maximum 

Power Point (MPP) under low irradiance conditions. [3] [14]. 
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Hill Climbing Methods like Perturb and Observe (P&O) and Incremental Conductance 

(INC) yield favorable outcomes when applied to slowly changing irradiance profiles. 

They function as local search algorithms, persistently observing and shifting towards 

higher power outputs to reach the peak power point. The process concludes once it 

arrives at a peak value where no adjacent point exhibits a superior output [15]. Hence 

these methods and may fail to provide accurate power point tracking under high varying 

irradiance profiles and fast changing environmental conditions [3] [16] [15] [17]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.8: Flow chart of hill climbing algorithm [15]. 

 

The Incremental Conductance Algorithm is based on derivative (dP/dV) of the output 

power (Ppv) w.r.t. panel voltage (Vpv) will become zero at MPP. Figure 2.9 is showing 

the PV curve for selected 0.5 kW/m2, 0.75 kW/m2, 1.0 kW/m2 irradiance levels. 
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Figure 2.9: PV curve for various irradiance levels [17] 

Hence, 

 

 

 

 

 

 

 

 

 

So same can be written as follows: - 

 

 

 

 

 

 

 

--------    at MPP 

--------    at the left to MPP 

--------    at the right to MPP 

--------    at MPP 

--------    at the left to MPP 

--------    at the right to MPP 
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So these equations were used to control the operating point of the PV panel using 

incremental and instantaneous conductance (dIpv/dVpv and Ipv/Vpv) [17] [18]. 

 

Figure 2.10: Flow chart of INC algorithm [17]. 

 

The Short Circuit Current & Open Circuit Voltage Methods conduct regular assessments 

of PV panel parameters, determining the Maximum Power Point (MPP) using the short 

circuit current, which correlates with the irradiation level, as well as the open circuit 

voltage, reference current under short circuit conditions, and reference voltage under 

open circuit conditions. The Short circuit Current method, the MPPT algorithm operates 

by varying the op. point of the solar system to ensure that its generated current is 

maximized under varying environmental conditions. This is achieved by continuously 

monitoring the short circuit current of the PV system.  
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The Open circuit Voltage method aims to optimize the operating point of the solar array 

by maximizing the open circuit voltage across varying environmental conditions. This 

approach entails ongoing monitoring and adjustments to ensure the solar system is 

operating at the point where, open circuit voltage is optimized.  

 

In both the short circuit current & open circuit voltage methods, the percentage values 

derived from the PV panel's short circuit current & open circuit voltage are utilized in 

calculations to align with MPP of the solar panel. However, there is disruption in energy 

harvesting during the periods when short circuit current (ISC) & open circuit voltage 

(VOC) measurements are being obtained, resulting in decreased efficiency of PV 

generation. These methods demonstrate optimal performance under stable environmental 

conditions of irradiance and temperature [3] [6] [19] [20]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.11 : Flow chart of OC voltage method [19]. 
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Figure 2.12 : Flow chart of SC current method [20]. 

 

In open circuit voltage method:- 

 

VMPP = k * VOC 

 

the value of the constant ‘k’ is varying from 0.7 – 0.8 depending upon the characteristics 

of the PV panel [19]. 

 

On the other hand in short circuit current method:- 

 

IMPP = k * ISC 

 

the value of the constant ‘k’ is approximately around 0.9 depending upon the 

characteristics of the PV panel [20]. 
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Artificial Neural Networks (ANNs) are used in MPPT algorithms to learn the non-linear 

relations between I/P variables & the corresponding optimal voltage and current values. 

Artificial Neural Networks (ANNs) have been increasingly utilized in Maximum Power 

Point Tracking (MPPT) algorithms for photovoltaic (PV) systems due to their ability to 

improve tracking accuracy and adaptability to changing environmental conditions [5] 

[7]. ANNs are computational models that draw inspiration from the structure and 

functionality of biological neural networks in brain [5] [21] [22]. ANNs are made to link 

different parameters to specific data points without requiring intricate mathematical 

bases or calculations. A method called as supervised learning is used to train ANNs. This 

method uses datasets made up of values for input-output parameters to train the network. 

A training dataset and a validation dataset are commonly divided into two groups. The 

network is trained using the training dataset, and its performance is evaluated using the 

validation dataset. Many distinct neurons comprise an artificial neural network (ANN), 

and each neuron is connected to the others by a fractional number known as weight. 

These weights are adjusted during the training in order to exactly predict the results. 

When the error goes down to a permissible threshold, the weights continue to be 

constant [22]. Basic two-layer architecture taking input as PV panel voltage and current 

to obtain MPP voltage as output is depicted in Figure 2.13 is the most basic two layer 

ANN in MPPT [8] but it fails to capture the direct temperature and irradiance changes in 

the environment. 

 

 

 

 

 

 

 

 

Figure 2.13 : Two layer ANN in MPPT [8]. 
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In the context of MPPT, ANNs are employed to enhance the performance of traditional 

algorithms by providing adaptive and intelligent decision-making capabilities [21]. 

Various ANN models have been developed in recent past for MPPT. Most common 

ANN model uses irradiance (G), temperature (T) as the inputs to the ANN and 

determines the output voltage which is the VMPP and in some models it uses same inputs 

but obtaining both output voltage (VMPP) and output current (IMPP) which makes a 

complex model [23].  Figure 2.14 displays the ANN model for MPP voltage estimator 

[24]. This MPP voltage is given to the PWM generator. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.14: ANN model for MPP voltage estimator [24]. 

 

However, currently ANNs are extensively employed for MPPT owing to their capacity 

to grasp the intricate nonlinear and dynamic characteristics of PV systems [8]. 

Moreover, application of ANN to replace conventional MPPT techniques have improved 

the accuracy & adaptability of ensuring the MPP is maintained across various operating 

conditions [21] [22]. 

 

Although ANNs have demonstrated enhanced efficiency and accuracy in MPPT systems, 

a key drawback of ANN based MPPT methods are the necessity for a substantial volume 
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of data to effectively train the network. This requirement could pose a significant hurdle 

for certain applications, particularly those operating in remote areas or with limited data 

collection capabilities. Additionally, the availability of accurate, standardized, and 

comprehensive training datasets remains a primary limitation for ANNs to achieve 

optimal performance without encountering high training errors [8]. Furthermore, the 

training process could be computationally and time-consuming, which could be an issue 

for real-time applications [24] [25]. 

 

Fuzzy Logic Controller agents can be incorporated to implement a variable step size 

perturbation and to autonomously adjust the steps based on variations in irradiance and 

temperature factors. This integration addresses limitations in traditional MPPT 

techniques like P&O, which fail to adapt perturbation steps in response to rapid changes 

in weather conditions such as irradiation or temperature [26]. Fuzzy Logic Controllers 

are a type of control system that utilizes fuzzy logic to handle imprecision and 

uncertainty in complex systems. In the framework of MPPT for solar systems, Fuzzy 

Logic Controllers can be employed to dynamically adjust the operating point of the solar 

array based on real-time environmental conditions. FLC is a MPP control system based 

on fuzzy logic that converts analogue I/Ps into fuzzy logical values between zero & one, 

presenting the idea of fractional truth, in which the variable value may be either 

completely true or totally false. Fuzzy trackers keep an eye on the MPP even in the event 

of erroneous inputs and that is the reason FLCs are considered intelligent. Fuzzy 

controllers operate without the necessity of a mathematical model. The typical process 

of fuzzy control involves three main steps: fuzzification, rule-based lookup tables & de-

fuzzification. During the initial modeling phase, numerical input variables are 

transformed into linguistic variables using a membership function with five fuzzy levels: 

NB (Negative Big), NS (Negative Small), ZE (Zero), PS (Positive Small), and PB 

(Positive Big). In an MPPT fuzzy logic controller, the inputs typically consist of an Error 

(E) and a change in error (ΔE), which are computed as follows: - 
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Where: 

E – Error 

PPV – Power of the PV Panel 

VPV – Voltage of the PV Panel 

ΔE – Change in Error 

 

Once ΔE and E have been transformed into linguistic variables and processed according 

to the Fuzzy Logic Rule Table depicted in Table 2.1, the FLC's output, denoted as ΔD 

(change in duty-cycle) of the power converter, can be determined. During the 

defuzzification phase, the linguistic output of the FLC is converted into a numerical 

variable, generating an analog signal that drives the power converter towards the MPP. 

The FLC MPPT demonstrates effective performance under changing weather conditions.  

 

However, establishing the rule base table and selecting the appropriate error computation 

method are crucial for its effectiveness. Notably, mathematical modeling is unnecessary 

when employing this approach for MPPT. Moreover, the FLC system's stability around 

the maximum power point is improved due to reduced fluctuations. Nonetheless, 

challenges arise in fine-tuning the control rules, scale factor, and membership function 

[5] [26]. 

 

 

 

 

 

 

 

Table 2.1: Fuzzy Logic Rule Table [5]. 
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Regression involves establishing a mathematical relationship between multiple 

independent variables and a dependent variable. In case of MPPT in solar panels the 

independent variables include environmental factors like irradiance & temperature, 

which significantly effect the performance of PV modules. Hence, a predictive model 

that correlates these variables with the optimal operating point, enabling real-time 

adjustments for to capture maximum energy / power output of the solar panel. The 

model takes into account the complex interplay between irradiance, temperature, and the 

resulting electrical characteristics of the PV modules. This enables to dynamically 

respond to changing conditions, ensuring that the system operates efficiently across a 

wide range of scenarios. Regression which comes under machine learning. The machine 

learning model must go through two steps in order to be completely functional. Those 

are the testing stage & learning stage, also known as the training stage. First model 

required to be trained on historical data then based on the learnings of the trained data 

model can be validated using testing data. In regression based MPPT models certain 

potion of data set of irradiances, voltage are given as input data and reference voltage 

(Vref) is given as the output data [27]. 

 

 

 

Figure 2.15: Learning & running stages of ML algorithms [27]. 
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The reference voltage (Vref) generator block accurately determines the reference voltage 

by leveraging historical data on environmental factors like irradiance & temperature. 

Through training, it predicts an optimal Vref corresponding to the MPP of the solar panel 

for specific temperature-irradiation combinations. To ensure functionality, the machine 

learning block undergoes two phases: learning (training) and running (testing). 

 

During learning stage, the aim is to develop and validate a function that correlates 

temperature and irradiation with Vref using historical data. Then resulting model from 

this phase is utilized in the running phase to forecast Vref value for new testing data, 

unseen during the learning phase. 

 

These phases are depicted in Figure 2.15. Accuracy of the ML model's prediction is 

assessed by means of Root Mean Square Error (RMSE), represented as 

 

 

 

 

 

 

Regression-based MPPT is its adaptability to varying environmental conditions. The 

algorithm can continuously learn and optimize its predictions based on real-world 

performance. Further, leveraging historical data allows regression-based models to make 

accurate predictions, enabling the system to adapt to changing conditions and improve 

overall efficiency. Furthermore, regression-based models can provide more accurate 

predictions of the optimal operating point by considering multiple environmental 

parameters simultaneously resulting enhancing overall system efficiency comparatively 

in less complexity when compared with ANNs. One of the major challenge in 

Regression-based MPPT is also the need for substantial training data to train the model 

[28] [29]. Moreover, regression-based MPPT proposed as of now are only using basic 

temperature and irradiance as their parameters [28] [29] [30]. 
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Further, comparison of various MPPT techniques with their advantages and limitations 

is tabulated in below table:- 

 

MPPT Technique Advantages Limitations 

DC–DC Converter 

Method 

Simple implementation. 

Cost effectiveness. 

 

Suitable for fixed MPP voltage 

applications. 

 

Limited adaptability to changing 

environmental conditions. 

 

Inability to track varying MPPs. 

Temperature Gradient 

Method 

Utilizes temperature differences 

to estimate MPP. 

 

Low complexity. 

 

 

Suitable for temperature-varying 

environments. 

Requires accurate temperature 

measurement. 

 

Limited applicability in non-

uniform temperature profiles. 

 

Unable to reach the maximum 

power in low irradiance 

conditions. 

 

Perturb and Observe 

(P&O) 

Simple, easy to implement. 

 

 

 

Suitable for slow-varying 

irradiance conditions. 

 

 

Low computational requirement. 

 

Oscillations around the MPP 

under dynamic conditions and 

leading to energy losses. 

 

Slow tracking response and less 

effective under rapidly changing 

environmental conditions. 

 

Incremental 

Conductance 

Improved tracking efficiency 

over P&O. 

 

 

Quick response to slow varying 

irradiation levels. 

 

 

 

Complex algorithm requiring 

precise current and voltage 

measurements. 

 

Sensitive to measurement noise. 

 

 

Inability to provide accurate 

power point tracking under high 

varying irradiance profiles. 

 

Short Circuit Current 

and Open Circuit 

Voltage Methods 

Simple and easy to implement. 

 

 

Limited accuracy due to non-

linear characteristics of PV 

panels. 
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Low cost MPPT system. 

 

 

Low computational 

requirements. 

 

Good performance in steady 

irradiance and temperature 

conditions. 

 

 

Less effective in rapidly changing 

environmental conditions. 

 

Interruptions during 

measurements lead to lower 

efficiency. 

 

 

Artificial Neural 

Networks (ANN). 

Adaptive and self-learning 

capability. 

 

Can handle non-linear 

characteristics of PV systems. 

 

Adaptable to changing 

environmental conditions. 

Complex training process and 

computational requirements. 

 

Requires a large amount of 

training data. 

 

Computationally and time-

consuming training process. 

 

Limited availability in accurate, 

standardized and proper training 

set of data. 

 

Fuzzy Logic Control 

(FLC). 

Handles imprecision and 

uncertainty in the system. 

 

Improved tracking performance 

under dynamic conditions. 

 

Complex design, fine-tuning the 

control rules, scale factor, and 

membership function. 

Regression-based MPPT 

Adaptable to varying 

environmental conditions. 

 

More accurate predictions by 

considering multiple parameters. 

Requires substantial training data. 

 

 

Limited availability in accurate, 

standardized and proper training 

set of data. 

 

 

Table 2.2: Comparison of various MPPT techniques 
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Moreover, MPPT is a critical component in achieving the highest possible efficiency and 

power generation from solar installations [5] [6]. Major contributions and attractions of 

maximum power point tracking are:- 

 

Enhanced Energy Capture: Through MPPT methods, solar panels are optimized to 

function at their peak power performance, known as the maximum power point (MPP). 

By constantly monitoring and fine-tuning the operational parameters, MPPT guarantees 

that solar panels consistently operate at their MPP, thus maximizing the extraction of 

energy from sunlight. 

 

Improved System Efficiency: MPPT techniques optimize the conversion of solar energy 

into usable electrical power. By dynamically adjusting the operating conditions of the 

PV system, MPPT reduces power losses and improves overall system efficiency. This 

translates into higher energy yields and increased return on investment for solar power 

installations. 

 

Adaptation to Varying Environmental Conditions: Solar panel performance is affected 

by factors such as temperature, shading, and changing sunlight intensity. MPPT 

techniques continuously monitor these environmental conditions and adjust the 

operating parameters of the PV system accordingly. This adaptive capability ensures that 

the solar panels always operate at their optimum regardless of the prevailing conditions, 

resulting in maximum power generation. 

 

Compatibility with Different PV Technologies: MPPT is applicable to various types of 

solar panel technologies, including crystalline silicon, thin-film, and emerging 

technologies. Its adaptive nature allows it to work effectively with different panel 

characteristics, ensuring efficient power extraction across a wide range of PV systems. 

 

2.3 Major Developments 

 

Improved Algorithms: Researchers have developed more sophisticated MPPT algorithms 

to enhance tracking accuracy and efficiency. These algorithms include Perturb and 
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Observe (P&O), Incremental Conductance (INC), and Short Circuit Current & Open 

Circuit Voltage methods. They address challenges such as noise, partial shading, and 

fast-changing environmental conditions, resulting in better performance and higher 

energy yields [16]. Hardware and Converter Topology Advances: Innovations in power 

electronics and converter topologies have contributed to the expansion of much more 

efficient and compact MPPTs. Integration of advanced power semiconductor devices, 

such as wide-bandgap materials (Eg:- Silicon carbide [SiC] and Gallium Nitride [GaN]), 

and the use of multi-level and interleaved converter configurations have improved 

overall system efficiency and reduced losses [31]. Adaptive MPPT techniques 

dynamically adjust control parameters based on changing environmental conditions, 

enabling optimal power extraction. Hybrid MPPT methods combine multiple algorithms 

to leverage their individual strengths and improve overall tracking efficiency. These 

developments provide enhanced adaptability and robustness to MPPT systems [32]. AI 

techniques are being employed in MPPT systems to optimize power generation by 

leveraging historical and real-time data. These approaches enable intelligent decision-

making, accurate modeling of nonlinear characteristics, and prediction of optimal 

operating points and enhancing system performance [33]. 

 

2.4 Future Directions of MPPT Systems 

 

Future directions of MPPT systems involve ongoing research and development efforts to 

further improve their performance and adaptability. The incorporation of MPPT systems 

with energy storing technologies, such as gel batteries or supercapacitors, can empower 

better application of harvested energy. MPPT techniques can be enhanced to consider 

energy storage levels and optimize power flow between the PV system and storage 

devices, leading to improved self-consumption and grid interaction [34]. Smart Grid 

Integration: MPPT systems can be integrated into smart grid frameworks to enable 

bidirectional power flow, demand response, and grid stability enhancement. By utilizing 

communication and control technologies, MPPT systems can participate in grid-level 

optimization and support grid services, such as voltage regulation and frequency control 

[35]. Hybrid and Multi-Source MPPT: The development of MPPT techniques for hybrid 
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and multi-source renewable energy systems, such as combining solar & wind sources, is 

an ongoing research area. The objective is to design MPPT systems that can 

simultaneously track the maximum power points of multiple sources and optimize power 

extraction from each source in a coordinated manner [36]. 

 

2.5 Summary of Challenges in MPPT Systems 

 

The most basic MPPT methods involve employing a DC–DC converter set to a specific 

duty cycle, resulting in the desired maximum power point (MPP) voltage (VMPP) under 

standard test conditions (STCs). Nonetheless, these techniques face difficulty in 

adjusting to variations in environmental conditions outside of STCs, thus hindering their 

ability to reach the MPP [7] [12] . The Temperature Gradient method employs a pair of 

sensors to oversee both the voltage and temperature of a photovoltaic system. However, 

it struggles to attain the Maximum Power Point (MPP) because it is constrained by its 

inability to adapt well to irregular temperature distributions and low light intensity 

situations [3] [13] [14]. Hill climbing techniques like Perturb and Observe (P&O) and 

Incremental Conductance (INC) demonstrate effectiveness in steady irradiance changes 

but might struggle to precisely and efficiently track the MPP in quick fluctuating 

irradiance scenarios. This is because they tend to oscillate around the maximum power 

point during dynamic conditions, resulting losses in energy [3] [16] [15] [17]. The short 

circuit current & open circuit voltage techniques periodically measure parameters of PV 

panels and determine the Maximum Power Point (MPP) using the short circuit current. 

However, energy harvesting is interrupted during these measurements, leading to 

decreased efficiency in PV generation. Moreover, this method is less efficient in quickly 

changing environmental conditions [3] [6] [19] [20].  AI techniques based Artificial 

Neural Networks (ANN) and Fuzzy Logic Control (FLC) major AI techniques used in 

the MPPT [7] [21] [22].  A major constraint for artificial neural networks (ANNs) is the 

availability of a precise, uniform, and adequate training dataset. Moreover, the training 

process demands intricate computational resources and consumes considerable time [8] 

[21] [22] [24] [25]. In case of  Fuzzy Logic Control (FLC) approach poses challenges 

when it comes to fine-tuning the control rules, scale factor, and membership function [5] 
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[26]. Regression-based MPPT also the need for substantial training data to train the 

model [28] [29]. However, regression-based MPPT proposed as of now are only using 

basic temperature and irradiance as their parameters which can be further improved by 

introducing the panel voltage and current as inputs the model. 

 

2.6 Problem Definition 
 

Based on the literature, it was identified existing MPPT methods often fail to capture the 

entire relationships between voltage, current, irradiance and temperature parameters 

which directly affect the optimal operating point of a PV panel without disturbing the 

energy harvesting process, to deliver maximum power output (wattage) of the solar 

system. As a result, overall efficiency and performance of the photo voltic system may 

compromise. 

 

2.7 Summary 
 

This chapter presented the literature review in the area MPPT by covering thirty six well 

cited research papers. Chapter delves into the evolution of MPPT systems, providing a 

inclusive review of historical developments and current techniques. It outlines 

conventional MPPT methods like DC-DC converters, temperature gradient, and hill 

climbing methods, advanced machine learning approaches such as Artificial Neural 

Networks (ANNs) and Fuzzy Logic Controllers & using of regression methods in the 

field of MPPT. Research problem is defended as, inability of existing MPPT methods to 

capture the entire relationships between voltage, current, irradiance & temperature 

parameters which straightly affect the optimal operating point of a solar panel without 

disturbing the energy harvesting process, to deliver the maximum power output 

(wattage) of the PV system. Further, the chapter discusses recent advancements, 

including improved algorithms, hardware innovations, and the application of artificial 

intelligence. Future directions are explored, such as integration with energy storage and 

smart grids. Challenges in existing MPPT methods, like adaptability and the need for 

substantial training data, are highlighted. The chapter 3 presents our in-depth study of 

machine learning techniques by highlighting its importance to the area of MPPT. 
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CHAPTER 3 

TECHNOLOGY ADOPTED 

 

3.1 Introduction 

 

Amongst the technologies that can be adopted to design machine learning based MPPT, 

as summarized in chapter two, regression-based model is identified to be more 

convenient considering the low computational requirements, low cost implementation 

and easy configuration to existing solar panels to replace conventional MPPT 

approaches. In this chapter, the focus is on the technologies and tools that have been 

employed in the development of the proposed regression-based model in machine 

learning as the technology adopted for developing machine learning based  MPPT. 

Specifically, this chapter will cover the hardware and software used in machine learning 

based MPPT data capturing, programming languages and other development libraries 

that were utilized to create and assess the research project. These technologies were 

carefully chosen based on their effectiveness, ease of use, and compatibility with the 

methodologies used in this study. Each technology is briefly introduced and its 

respective role in this research project is explained. 

 

3.2 Machine Learning Based MPPT Technology 

 

In this approach regression-based machine learning model is trained by providing the 

inputs as instantaneous voltage of the solar panel via voltage sensor & measuring of 

instantaneous current drawn from the solar panel via a current transformer, measuring 

irradiance of the incident wave via an irradiance sensor, and temperature of the solar 

panel (ambient temperature) via temperature sensor. Then inputs the irradiance sensor 

and temperature sensor, PV panel voltage and the current transformer will be fed in to 

the regression-based machine learning model as a captured dataset. 

 

One of the challenging parts during this research project was to obtain a dataset for 

training the machine learning model. No reliable datasets found to train the machine 
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learning model which consisting instantaneous voltage and instantaneous current drawn 

from the solar panel, irradiance of incident wave & ambient temperature (temperature of 

solar panel). Hence, using MATLAB and Simulink software said data was captured and 

exported as an CSV (comma separated values) file which can be used to train the 

machine learning model. 

 

3.3 Python 

 

Python was mainly used as the primary programming language for developing the 

regression-based MPPT model a due to its flexibility, ease of use, and extensive support 

for ML and the libraries. Python provides a large number of libraries and tools for data 

processing, analysis, and visualization, which were utilized in developing the system. 

More importantly, it’s simple syntax and powerful capabilities make it an ideal choice 

for implementing different Artificial Intelligence (AI) related model and algorithms. 

Additionally, the language has a large community and a wide range of resources 

available, making it easier to troubleshoot and optimize the implementation. 

 

Moreover, Python is a platform-independent language, that code written in Python can 

run on different operating systems / platforms such as MATLAB and Simulink without 

modification. This portability is advantageous for deploying MPPT algorithms across 

diverse hardware platforms. Further, Python provides robust support for interfacing with 

hardware components through libraries like PySerial and PyUSB. This capability allows 

to interact seamlessly with sensors and communication interfaces necessary for real-time 

monitoring and control of systems. 

 

3.4 Sklearn Library 

 

Scikit-learn, often referred to as sklearn, stands out as a highly favored and extensively 

utilized Python library for machine learning. It offers a user-friendly and effective 

solution for tasks in data mining and analysis. Leveraging foundational Python libraries 
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like NumPy, SciPy, and matplotlib, scikit-learn seamlessly integrates with the broader 

Python data science environment.  

 

Scikit-learn offers a simple and consistent API, which makes it easy to use and learn. 

This library consists with an uniform approach across various algorithms and 

functionalities, allowing users to focus more on solving problems rather than dealing 

with implementation details. 

 

The library offers an extensive array of both supervised and unsupervised learning 

methods, covering classification, regression, clustering, dimensionality reduction, model 

selection, and preprocessing approaches. Among the well-known algorithms supported 

by scikit-learn are linear regression, support vector machines (SVM), random forests 

regression, gradient boosting & numerous others. 

 

oreover, the library provides comprehensive resources for assessing model performance, 

including evaluation, validation, and metrics. It offers techniques like k-fold cross-

validation and stratified k-fold cross-validation to gauge the generalizability of machine 

learning models. Additionally, scikit-learn includes functions to calculate diverse 

evaluation metrics such as accuracy, precision, recall and mean squared error. 

 

This library includes a wide range of feature extraction and preprocessing techniques to 

handle different types of data. It provides utilities for feature scaling, normalization, 

encoding categorical variables, imputation of missing values, text processing, and 

feature selection. These preprocessing steps are crucial for improving the performance 

and robustness of machine learning models. 

 

Moreover, Scikit-learn can be flawlessly incorporate with other popular Python libraries 

used in the data science ecosystem, such as pandas for data manipulation, seaborn for 

data visualization. This interoperability allows users to combine the strengths of 

different libraries within their machine learning workflows. 
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3.5 Random Forest Regression (RFR) 

 

Selecting Random Forest Regression (RFR) for Maximum Power Point Tracking 

(MPPT) in solar energy systems presents a compelling solution due to its ability to 

address the complexities and challenges inherent in optimizing photovoltaic (PV) panel 

performance. MPPT is pivotal for maximizing energy production in solar systems by 

continuously adjusting operating point to the point of maximum power output, adapting 

to varying environmental conditions like irradiance levels, temperature fluctuations. 

 

Random Forest Regression stands out as an apt choice for MPPT due to its capacity to 

handle nonlinear and complex relationships prevalent in solar energy data. Unlike 

traditional linear regression methods, RFR can capture intricate patterns and 

nonlinearities present in the relation between input temperature, irradiance, voltage & 

current variables and maximum power point, ensuring accurate predictions under diverse 

operating conditions. 

 

Moreover, RFR exhibits robustness to overfitting, a common challenge in machine 

learning models, which ensures that the MPPT algorithm generalizes well to unseen 

data. This reliability is crucial for real-world applications where environmental 

conditions may vary widely this is further explained in the subsequent chapters of the 

thesis. 

 

The ensemble nature of RFR, which combines multiple decision trees, further enhances 

its suitability for MPPT. By aggregating predictions from multiple trees, Random Forest 

Regression improves prediction accuracy and reduces variance, ensuring robust and 

reliable MPPT performance even in the presence of noise or uncertainty in the data. 

 

Hence, Random Forest Regression emerges as a compelling choice for MPPT in solar 

energy systems, offering the capability to handle nonlinearity, robustness to overfitting, 

ensemble learning capabilities, and insights into feature importance. By leveraging these 
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strengths, RFR contributes to more accurate, reliable, and efficient MPPT algorithms, 

ultimately enhancing the viability and sustainability of solar energy systems. 

 

3.6 Simulation & Data Capturing Software 

 

3.6.1 MATLAB 

 

MATLAB is a powerful tool commonly used in engineering and scientific fields for 

simulating and analyzing various systems. Maximum Power Point Tracking (MPPT), 

which plays a crucial role in improving the efficiency of solar systems by continuously 

regulating the operating point of solar panels to extract the maximum available power 

from the solar irradiance. 

 

MATLAB provides a comprehensive environment for simulating PV systems. Using 

tools like Simulink, it can model the behavior of PV panels including irradiance, 

temperature and electrical characteristics (PV panel voltage and current). Simulink's 

library includes blocks specifically designed for PV system simulation, making it easier 

to construct complex models. 

 

MATLAB allows to develop and test various MPPT algorithms. These algorithms range 

from conventional methods like Perturb and Observe (P&O) to more advanced 

techniques. MATLAB's extensive mathematical libraries and optimization tools facilitate 

the implementation and testing of these algorithms. 

 

Most importantly MATLAB supports interfacing with hardware for real-time data 

acquisition, making it possible to capture data from sensors embedded in PV systems. 

Using tools like Simulink, it can interface with microcontrollers or data acquisition 

devices to capture real-time measurements such as voltage, current, irradiance & 

temperature from the PV panels. 
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3.6.2 Simulink 

 

Simulink, is an integral part of MATLAB which offers a sophisticated visual platform 

tailored for modeling, simulating, and scrutinizing dynamic systems. With its intuitive 

interface it facilitates the creation of intricate models, rendering it an optimal solution 

for simulating Maximum Power Point Tracking (MPPT) algorithms. 

 

Simulink offers a variety of blocks specifically designed for modeling PV systems. 

These blocks allow users to represent the electrical characteristics of PV panels, 

including the relationship between voltage, current, irradiance and temperature. By 

connecting these blocks together, users can create detailed models of entire PV arrays, 

taking into account factors such as shading and temperature effects. 

 

Simulink allows to implement and test different MPPT algorithms within their PV 

system models. Whether it's conventional MPPT methods like Perturb and Observe 

(P&O) or more advanced techniques like Model Predictive Control (MPC). Simulink 

provides a flexible environment for designing and validating these algorithms. Further, 

users can easily compare the performance of different algorithms by swapping them in 

and out of their models. 

 

Further, Simulink supports real-time simulation, enabling it to capture data from their 

PV system models as if they were operating in real-world conditions. This feature is 

particularly useful for testing MPPT algorithms under varying solar irradiance & 

temperature conditions. Users can monitor key parameters such as voltage, current & 

power output at real-time domain and analyze how their chosen MPPT algorithm 

responds to changes in environmental conditions. 

 

Moreover, Simulink's visualization tools enable to analyze the performance of their 

MPPT algorithms through plots, scopes, and other graphical displays. Users can 

visualize the tracking behavior of different algorithms, compare the predicted and actual 

performance of their PV systems, and identify areas for improvement. Simulink also 
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integrates with MATLAB, allowing users to perform advanced data analysis and post-

processing.  

 

Most importantly Simulink facilitates HIL (Hardware-in-the-Loop) testing, where the 

PV system model is connected to physical hardware such as PV panels, inverters, and 

sensors. This allows users to validate their MPPT algorithms using real hardware under 

controlled laboratory conditions. Simulink provides seamless integration with hardware 

platforms, making it easy to interface with data acquisition devices and capture real-time 

measurements for analysis. 

 

3.6 Summary 

 

This chapter presented the adoption of machine learning-based Maximum Power Point 

Tracking (MPPT) techniques, particularly focusing on a regression-based model. This 

model integrates voltage, current, irradiance, and temperature measurements for 

enhanced MPPT efficiency. Challenges in obtaining relevant datasets led to data capture 

using MATLAB and Simulink, exported as CSV files for training. Python was chosen as 

the programming language for its versatility and extensive machine learning support. 

The scikit-learn library in Python facilitated model development, offering a wide range 

of algorithms and evaluation metrics. Random Forest Regression is chosen for MPPT in 

PV energy systems due to ability of handling complexities & nonlinear relationships in 

PV panel performance. MPPT optimizes energy production by adjusting the operating 

point to maximize power output under varying environmental conditions. MATLAB, 

alongside Simulink, provided a comprehensive environment for simulating PV systems, 

implementing MPPT algorithms, and conducting Hardware-in-the-Loop (HIL) testing. 

These tools enabled real-time data capture, visualization, and validation, crucial for 

developing and assessing machine learning based MPPT. 
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CHAPTER 4 

NOVEL APPROACH TO MAXIMUM POWER POINT TRACKING 

(VCIT-MPPT) 

 

4.1 Introduction 

 

In chapter 3 justified the suitability of regression-based model in machine learning as the 

technology adopted for developing Maximum Power Point Tracking (MPPT). In this 

chapter novel approach to existing conventional MPPT was introduced and named as 

VCIT-MPPT, an acronym for voltage, current, irradiance, and temperature based MPPT. 

This chapter presents a novel approach by covering our hypothesis, input, output, 

process, features, and users and provide a brief summary of the methodology. 

 

4.2 Hypothesis 

 

Hypothesis of this research is Random Forest Regression based machine learning model 

which can be implemented for the task of maximum power point tracking of solar panel 

power generation system to optimize output power of solar panel. It involves designing 

and developing a machine learning model for MPPT that utilizes instantaneous voltage 

of the solar panel, instantaneous current drawn by the solar panel, irradiance of the 

incident wave, and temperature of the operating environment to accurately track the 

maximum power point of PV systems. Regression-based machine learning model will be 

designed to learn the relationships between the input parameters and the output and 

optimal operating point of the solar panel by replacing traditional MPPT control 

modules.  

 

4.3 Input Process Output Model 

 

In the Input Process Output (IPO) model utilizing Random Forest Regression where 

voltage (Vol), current (Cur), irradiance (Irr) and temperature (Temp) inputs are fed into 

the model. These inputs represent the key parameters affecting the performance of the 
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MPPT system. The Random Forest Regression algorithm processes these inputs and 

generates predictions for the reference voltage (V_Ref) value, which is crucial for 

optimizing the power output of the photovoltaic system. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.1: IPO model of VCIT-MPPT system 

 

The Random Forest Regression algorithm operates by creating an ensemble of decision 

trees during training. Each decision tree is constructed based on a subset of the input 

data, and predictions are made by aggregating the results of multiple trees as shown in 

Figure 4.1. In the context of the VCIT-MPPT system, this ensemble approach helps in 

capturing the complex relationships between the input parameters (voltage, current, 

irradiance and temperature) and the desired output (reference voltage). 

 

Once the RFR model is trained, it is capable of predicting the reference voltage value 

based on new input data. During the prediction process, each decision tree in the 

ensemble provides its own prediction for the reference voltage. The final prediction is 

determined by taking the majority vote among all the individual tree predictions. 

 

This majority voting mechanism ensures that the final predicted reference voltage is 

robust and less susceptible to individual tree biases or outliers in the input data. By 
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aggregating predictions from multiple trees, the Random Forest Regression model 

reduces the risk of overfitting and enhances the generalization ability of the VCIT-MPPT 

system. 

 

4.4 Input 

 

Input to the machine learning model will be voltage of the solar panel measured via 

voltage sensor, current drawn by the solar panel measured via current transformer, 

irradiance of the incident waves via irradiance sensor, and temperature of the solar panel 

(ambient temperature) via temperature sensor. These parameters need to be obtained 

from said independent sensors in a PV system under various environmental conditions. 

The machine learning model will be trained on a dataset consisting of voltage, current, 

irradiance & temperature measurements obtained from respective sensors of a PV 

system under various environmental conditions and then the model will be validated. 

Once the model is validated it will be integrated with the PV panel and same said inputs 

of the PV panel (shown in Figure 4.1) which are voltage of the PV panel is measured via 

voltage sensor, current drawn by the solar panel measured via current transformer, 

irradiance of the incident waves via irradiance sensor, and temperature of the solar panel 

via temperature sensor will be provided to VCIT-MPPT system. 

 

4.5 Output 

 

Output of the model will be the reference voltage (VRef) signal is given to the Pulse 

Width Modulator (PWM) which needs to be compared with the triangular waveform 

from which the duty cycle or the width of the pulse (shown in Figure 4.1) will be 

decided and resulting adjusting the impedance of the solar panel to deliver maximum 

wattage of the solar panel. 
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Figure 4.2: Inputs & Outputs of VCIT-MPPT system 

 

4.6 Process 

 

The overall process will include measuring instantaneous voltage of the solar panel via 

voltage sensor & measuring of instantaneous current drawn from the solar panel via a 

current transformer, measuring irradiance of the incident wave via an irradiance sensor, 

and temperature of the solar panel (ambient temperature) via temperature sensor. Then 

inputs the irradiance sensor and temperature sensor, PV panel voltage and the current 

transformer will be fed in to the model. During data acquisition process reference 

voltage (VRef) signal is given to the Pulse Width Modulator obtained from traditional 

MPPT control module should be fed in to the model to establish the relationship 

between input parameters and out parameters of the MPPT and to train the model. 

Required data can be obtained from the Simulink simulation environment in MATLAB. 

Once training is completed trained model needs to be validated using the same dataset. 

Then the traditional MPPT control module can be removed from the system and inputs 

from voltage of the solar panel measured via voltage sensor, current drawn by the solar 

panel measured via current transformer, irradiance of the incident waves via irradiance 

sensor, and temperature of the solar panel (ambient temperature) via temperature sensor 

should be given to the model. According to the input parameters, output of the model 

which is the reference voltage signal to the Pulse Width Modulator (PWM) which needs 
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to be compared with the triangular waveform from which the duty cycle or the width of 

the pulse will be generated and resulting adjusting the impedance of the PV panel to 

deliver maximum wattage from PV panel. 

 

4.7 Features 

 

This machine learning model is capable of recognizing and identifying patterns in 

datasets. By analyzing the data, models can discover complex relationships between 

voltage of the solar panel, instantaneous current drawn by the solar panel, irradiance of 

the incident wave, and environmental temperature. Further, its ability to adapt to the 

environmental changes which is useful in dynamic environments where irradiance and 

temperature patterns may change over time. Machine learning model can provide real-

time power tracking by changing reference voltage value (V Ref), allowing the PV 

system to quickly respond to changing of voltage, current, irradiance, and temperature 

parameters and optimize power generation. This enables efficient and effective operation 

of the solar panel. 

 

4.8 Users 

 

Users of the research outcome will be any solar power plant owners ranging from larger 

scale solar power plant industries to small scale domestic solar panel power plant 

consumers. 

 

4.9 Summary 

 

This chapter presented a novel approach to maximum power point tracking using RFR 

based machine learning model in solar panels. The hypothesis focuses on optimizing 

solar panel output using instantaneous voltage, current, irradiance, and temperature data. 

Inputs come from various sensors, and the model's output is a reference voltage signal 

for Pulse Width Modulation, adjusting solar panel impedance for maximum wattage. 

The process involves data acquisition, Simulink simulations for training, and validation. 
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Features include pattern recognition, adaptability to changing conditions, and real-time 

performance. Potential users are solar power plant owners, from large-scale industries to 

small-scale domestic consumers. The chapter 5 describes the design of the proposed 

machine learning based maximum power point tracking system. 
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CHAPTER 5 

DESIGNING OF VCIT-MPPT 
 

5.1 Introduction 

 

In chapter 4 it was discussed the approach to the machine learning based VCIT-MPPT. 

The process discussed in the previous chapter is more elaborated in this chapter. This 

chapter describes about the design of a machine learning-based VCIT-MPPT system for 

solar power systems.  It covers the top-level architecture of the VCIT-MPPT system, a 

sophisticated approach to optimizing solar panel performance. This chapter explains 

how machine learning algorithms, fed with critical parameters like voltage, current, 

irradiance, and temperature, dynamically adjust power converter settings in real-time to 

extract maximum power from solar panels amidst changing environmental conditions. 

Beginning with an overview of the system's architecture, the chapter delineates the roles 

of key modules such as the solar panel interface module, MPPT control module, and ML 

engine. It discusses how these modules interface, gather data, preprocess it, and make 

informed decisions for optimal power point tracking. Furthermore, it explores the 

selection of ML models crucial for accurate MPPT, detailing dataset analysis, model 

training, and performance evaluation using techniques like Random Forest Regression. 

This comprehensive exploration sets the stage for understanding the intricate workings 

and efficacy of the VCIT-MPPT system in maximizing solar energy conversion 

efficiency. 

 

5.2 Top Level Architecture of VCIT-MPPT System 

 

VCIT-MPPT, an acronym for voltage, current, irradiance & temperature based 

Maximum Power Point Tracking. Voltage, current, irradiance, and temperature-based 

machine learning MPPT (Maximum Power Point Tracking) system leverage these 

parameters as inputs to predict and track the optimal operating point for solar panels. By 

utilizing machine learning techniques, these algorithms can adaptively adjust the power 

converter's parameters in real-time to maximize the power output from the solar panels 
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under varying environmental conditions. The voltage, current, irradiance, and 

temperature are essential parameters that affect the power generation characteristics of 

solar panels. Input to the machine learning model will be voltage of the solar panel 

measured via voltage sensor, current drawn by the solar panel measured via current 

transformer, irradiance of the incident waves via irradiance sensor, and temperature of 

the solar panel (ambient temperature) via temperature sensor. Output of the model will 

be the reference voltage (VRef) signal given to the PWM which needs to be compared 

with the triangular waveform from which the duty cycle or the width of the pulse will be 

decided and resulting adjusting the impedance of the solar panel to deliver maximum 

wattage of the solar panel. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.1: Top Level Architecture of VCIT-MPPT system. 

 

Machine learning algorithms can analyze the relationship between voltage and power 

output to predict the optimal voltage for maximum power extraction. Current is the flow 

of electric charge through the solar panel. Similar to voltage, the current is influenced by 

environmental factors such as irradiance and temperature. Machine learning algorithms 

consider the relationship between current and power output to determine the optimal 

current for maximum power extraction. Irradiance refers to the quantity of solar 
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radiation incident on the solar panel's surface. It plays an important role in determining 

the power output of the panel.  

 

Machine learning MPPT algorithms use historical data of voltage, current, and 

irradiance to learn the patterns and correlations, enabling them to predict the optimal 

power point based on real-time irradiance measurements. Temperature affects the 

efficiency and performance of solar panels. As temperature increases, the panel's output 

voltage and current may change, potentially reducing the power generation capability. 

ML algorithm consider the impact of temperature on voltage, current & power output to 

adjust MPPT parameters accordingly. 

 

5.3 Modules in the Design 

 

5.3.1 Solar Panel Interface Module 

 

The Solar Panel Interface Module is a crucial component of the VCIT-MPPT system. Its 

primary function is to interface with the solar panels, gather the necessary data, and 

provide it to the ML engine for further processing. This module acts as a bridge between 

the physical solar panels and the ML algorithms. In MATLAB Simulink solar panel 

interface module is integrated to the PV panel is shown in Figure 5.2 and from the ‘m’ 

(measurement) port we can obtain the parameters. Typically, Solar Panel Interface 

Module consists of hardware and software components. On the hardware side, it 

typically includes sensors, analog-to-digital converters (ADCs), microcontrollers, and 

communication interfaces. The sensors are used to measure the solar panel's parameters, 

such as voltage, current, and temperature. The ADCs convert the analog signals from the 

sensors into digital data for processing. The microcontroller manages the data 

acquisition process and facilitates communication between the sensors, ADCs, and ML 

engine. The communication interfaces enable data transmission between the module and 

the ML engine. 
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Figure 5.2: MALTAB Simulink solar panel interface module integrated to the PV panel 

 

The module acquires data from the solar panels, including voltage, current, and 

temperature. These parameters are crucial for accurate MPPT operation and training the 

ML algorithms. The acquired data may be noisy or contain outliers, which can affect the 

performance of the ML algorithms. Therefore, preprocessing techniques should be 

applied to ensure reliable and high-quality data for subsequent stages. 

 

By effectively interfacing with the solar panels and acquiring the necessary data, the 

Solar Panel Interface Module enables the ML engine to make informed decisions for 

achieving maximum power point tracking. The acquired data serves as the input for the 

ML algorithms, which then analyze and predict the optimum operating point of the solar 

panels based on the received information. 

 

5.3.2 MPPT Control Module 

 

The MPPT Control Module is an essential module of the VCIT-MPPT. It consists of ML 

Engine and Pulse Width Modulation (PWM) generator modules. Primary function of the 
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MPPT control module is to control and regulate the operation of the PV power system to 

ensure maximum power extraction from solar panels. This module integrates the outputs 

from the ML engine and generates control signals to adjust the operating conditions of 

the system. The MPPT control module incorporates the MPPT algorithm determined by 

the ML engine. The algorithm takes into account the real-time data received from the 

solar panel interface module and predicts the optimum operating point for maximum 

power extraction. The MPPT algorithm utilizes the characteristics of the solar panels, 

such as the voltage-current (V-I) curve, to track the maximum power point. However, in 

this research once ML engine is trained then, there will be no requirement of seeking the 

voltage-current (V-I) curve for MPPT since, same will be directly given by the ML 

engine. The MPPT algorithm determines the appropriate reference voltage that needs to 

be provided to the power converter to obtain maximum power extraction by varying the 

duty cycle. The control module interfaces with the power converter and adjusts the 

output voltage or current based on the algorithm's instructions. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.3: MPPT control module 

 

The MPPT control module continuously monitors voltage of the solar panel via voltage 

sensor and measuring of the instantaneous current drawn from the solar panel via a 

current transformer, measuring irradiance of the incident wave via an irradiance sensor, 
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and temperature of the solar panel (ambient temperature) via temperature sensor. 

According to the input parameters, output of the model which is the reference voltage (V 

Ref) signal to the Pulse Width Modulator (PWM) which needs to be compared with the 

triangular waveform from which the duty cycle or the width of the pulse will be 

generated and resulting adjusting the impedance of the solar panel. This ensures that the 

system operates at the maximum power point, even in the presence of variations in solar 

irradiance, temperature, or panel aging. 

 

In addition to power tracking, the MPPT control module is accountable for regulating 

the output voltage & current of the solar power system. It ensures that the output voltage 

remains within the acceptable range defined by the system specifications. The module 

also monitors and regulates the output current to prevent overloading or underutilization 

of the system. By regulating the output voltage and current, the control module ensures 

the stability and safety of the PV system, optimizing its performance and preventing 

damage to connected loads / grid or the power converter. 

 

Moreover, the MPPT control module acts as the decision-maker and controller in the 

VCIT-MPPT system. It receives input from the ML engine and adjusts the power 

converter's operating conditions to maximize power extraction from the solar panels. 

The module's real-time power tracking and voltage regulation capabilities without 

affecting the energy harvesting process enable efficient and reliable operation of the PV 

system, enhancing its overall energy conversion efficiency. 

 

5.3.3 ML Engine 

 

The ML Engine serves as the core component of the VCIT-MPPT system. This approach 

uses regression-based model. It encompasses model training and real-time inference to 

enable accurate and efficient maximum power point tracking. ML Engine is responsible 

for training the ML algorithms using historical data and making predictions for optimal 

power point tracking in real time. Historical data from the PV panel interface module, 
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containing information about solar irradiance, temperature, voltage, current are used for 

training purposes.  

 

 

 

 

 

 

 

 

 

Figure 5.4: ML Engine designed in MATLAB Simulink 

 

The ML engine conducts the training process, where training of the ML model is carried 

out from the preprocessed training data. During training, the model learns the patterns 

and relationships in the data to make accurate predictions of the optimal power point. 

Once the model is trained and validated, the ML engine enables real-time inference for 

maximum power point tracking. The module receives real time data from the PV panel 

interface module, including solar irradiance, temperature, voltage, and current 

measurements. Based on this data, the trained models make predictions of the optimal 

power point by adjusting reference voltage (VRef), guiding the MPPT control module in 

adjusting the power converter's operating conditions. Moreover, ML engine's real-time 

inference capabilities allow the MPPT system to adapt and respond to varying 

environmental conditions, ensuring accurate power tracking and maximizing the energy 

conversion efficiency of the solar power system. 

 

5.4 Selection of ML Model 

 

The selection of a machine learning (ML) model for the VCIT-MPPT system involves a 

meticulous process encompassing dataset analysis, visualization, and model evaluation. 

Initially, the dataset underwent preprocessing, including handling missing values 
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through forward fill (ffill) and ensuring completeness using DataFrame.describe(). 

Subsequently, data normalization and visualization were performed using seaborn's 

pairplot() function to explore relationships between variables. Correlation analysis, 

visualized with seaborn's heatmap(), unveiled significant associations among inputs like 

irradiance, temperature, voltage, current, and the output, reference voltage. The analysis 

revealed strong positive correlations between voltage reference and current (0.95) and 

irradiance (0.92), indicating simultaneous increases. Conversely, weaker relationships 

were observed between voltage reference and temperature (0.09) and voltage (-0.28), 

suggesting less pronounced or inverse associations. 

 

Several regression models, including Linear Regression, Ridge Regression, Lasso 

Regression, Decision Tree Regression, and Random Forest Regression, were trained, 

evaluated, and compared using metrics like Mean Squared Error (MSE) and R-squared 

(R2). Random Forest Regression emerged as the optimal choice due to its superior 

performance, characterized by lower MSE and higher R2 values. This decision aligns 

with the method's robustness, capacity to handle complex relationships, and resistance to 

overfitting. By selecting Random Forest Regression, the VCIT-MPPT system stands to 

benefit from improved accuracy and efficiency in maximum power point tracking. The 

ensemble learning approach of Random Forests, which aggregates predictions from 

multiple decision trees, mitigates overfitting concerns and enhances predictive accuracy. 

This comprehensive approach ensures that the chosen model is well-suited for the 

specific requirements of the VCIT-MPPT system, leading to optimized performance and 

functionality. 

 

5.5 Model Description 

 

Designed model is a machine learning model designed for predicting a variable named 

voltage reference (V_Ref) based on the given input features voltage (Vol), current (Cur), 

irradiance (Irr) and temperature (Temp). This model requires libraries like NumPy, 

Pandas, and scikit-learn modules for data manipulation, visualization, and machine 

learning algorithms. First model needs to loads the dataset in comma separated values 
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(MPPT_Dataset.csv) into a Pandas DataFrame named 'historical_data' and performs 

some basic data preprocessing steps like dropping unnecessary columns and handling 

missing values by forward filling. Then, it is required to conduct exploratory data 

analysis using Seaborn to visualize the relationships between variables with pair plots 

and correlation heatmap. Once analysis part is completed the dataset needs to be splitted 

into input features (X) and target variable (y) and further divides it into training and 

testing sets using the train_test_split function from scikit-learn.  

 

Then it is required to initialize RandomForestRegressor model, and need to fits it to the 

training data, and makes predictions on the test data. After predicting the values, it 

creates a DataFrame to compare the actual and predicted values and visualized using a 

bar plot. Subsequently, the model will calculate variance and bias and visualizes the 

relationship between actual and predicted values using a scatter plot with a diagonal line 

representing perfect predictions. Once model is trained by defining MPPT function 

which takes input parameters features voltage (Vol), current (Cur), irradiance (Irr) and 

temperature (Temp) will predict the reference voltage (V_Ref) value using the trained 

ML model. 

 

5.6 Summary 

 

The VCIT-MPPT system employs a top-level architecture integrating machine learning 

for MPPT in solar panels. This system utilizes voltage, current, irradiance, and 

temperature data to optimize power extraction. The ML algorithms analyze historical 

data to predict optimal operating points in real time. The architecture comprises three 

main modules: the solar panel interface module, MPPT control module, and ML engine. 

The solar panel interface module interfaces with solar panels, gathering crucial data like 

voltage, current, and temperature. This data undergoes preprocessing before being fed 

into the ML engine. The MPPT control module regulates the power converter based on 

ML algorithm outputs, ensuring maximum power extraction while maintaining system 

stability. It continuously monitors panel parameters and adjusts the system accordingly. 

The ML engine is the core component, responsible for training and real time inference. It 
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utilizes historical data to train ML models and makes predictions for optimal power 

points, guiding the MPPT Control Module. The ML model selection process involves 

dataset analysis, visualization, and evaluation of various regression models. Random 

Forest Regression emerged as the optimal choice due to its robustness and superior 

performance in predicting the reference voltage. The designed model utilizes libraries 

like NumPy, Pandas, and scikit-learn for data manipulation and machine learning tasks. 

It undergoes training and testing phases, with performance evaluation and visualization 

of results. Ultimately, the trained ML model enables accurate and efficient MPPT in the 

VCIT-MPPT system, enhancing overall energy conversion efficiency. Chapter 6 

describes the implementation process of the proposed machine learning based VCIT-

MPPT system. 
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CHAPTER 6 

IMPLEMENTATION 

 

6.1 Introduction 

 

In chapter 5 it was discussed the designing of machine learning-based VCIT-MPPT. This 

chapter describes about the implementation of a machine learning-based VCIT-MPPT 

system for solar power systems which covers the VCIT MPPT System. Further, 

technical setup and software installation process for implementing a machine learning-

based VCIT-MPPT system are detailed. The system utilizes an Core i7 CPU with 32.0 

GB RAM, operating on Windows 10 Pro (version 22H2). Essential software components 

include Python 3.11, Jupyter Notebook 6.4.12, MATLAB R2023b, and Simulink 23.2. 

The data acquisition process involves simulating conventional MPPT using MATLAB 

Simulink software, capturing parameters like instantaneous voltage, current, irradiance, 

and temperature. Dataset generation and preprocessing steps are outlined, including the 

conversion to CSV format for further analysis. Model training using Random Forest 

Regression is explained, emphasizing the selection of libraries and handling of missing 

values. The performance evaluation of the trained model showcases impressive accuracy 

and minimal error metrics. Additionally, the function for predicting voltage reference 

(V_Ref) using the MPPT algorithm is defined, along with its integration into MATLAB 

Simulink through the Python function block (Py_MPPT), enabling seamless execution 

of custom Python code within the simulation environment. 

 

6.2 OS & Platforms 

 

To implement machine learning-based VCIT-MPPT Intel(R) Core (TM) i7-10510U CPU 

@ 1.80GHz 2.30 GHz computing infrastructure with 32 Giga Bytes of Random Access 

Memory was used. Windows 10 Pro (22H2) was installed as the operating system which 

supports Python 3.11, Jupyter Notebook 6.4.12, MATLAB R2023b and Simulink 23.2 

and same were installed on the computing infrastructure. 
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6.3 Installation of Required Software 

 

6.3.1 Installation of Python 3.11 

 

Download the installer for Python from the official Python website 

(https://www.python.org) and downloading the Python 3.11 (or latest if required) 

installer suitable for Windows. It's crucial to choose the correct version, ensuring 

compatibility with the system architecture (32-bit or 64-bit). Once the installer is 

downloaded, double-click on the executable file to initiate the installation process. The 

Python installer wizard will guide through the installation steps, allowing customize 

certain options, such as adding Python to the system PATH for easy command-line 

access. Proceed with the installation, and once completed, Python 3.11 will be 

successfully installed on the system. To verify the installation, open Command Prompt 

or PowerShell and enter the command "python --version" to confirm that Python 3.11 

has been installed and is accessible from the command line.  

 

 

 

 

 

 

 

 

 

 

 

Figure 6.1: Checking the Python version installed. 

 

Additionally, it is necessary to set up essential Python libraries essential for this study, 

including NumPy (for handling multi dimensional arrays and matrices, and performing 

high level mathematical operations), pandas (for data manipulation and analysis), math 
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(for basic mathematical functions), matplotlib (for generating plots), seaborn (for data 

visualization, built on top of matplotlib), and sklearn (a machine learning library 

providing support for classification, regression, and clustering algorithms). These 

libraries can be installed via the Preferred Installer Program, commonly known as PIP.. 

 

6.3.2 Installation of Jupyter Notebook 6.4.12 

 

Installing Jupyter Notebook offers users a dynamic platform for interactive computing, 

enabling seamless integration of code, visualizations, and narrative text. Ensure Python 

is installed on your system, as Jupyter Notebook is primarily a Python package. Utilizing 

package managers such as pip (Python's package installer) simplifies the installation 

process. By executing the command "pip install jupyter notebook" in the command 

prompt or terminal, even it can swiftly install Jupyter Notebook along with its 

dependencies. Once installed, initiating Jupyter Notebook involves running the 

command "jupyter notebook" in the terminal, which starts the Jupyter server and 

launches the notebook interface in a web browser.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.2: Jupyter server. 
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Figure 6.3: Jupyter notebook interface in a web browser. 

 

6.3.3 Installation of MATLAB R2023b and Simulink 23.2 

 

Download the installers for MATLAB R2023b and Simulink 23.2 from the MathWorks 

website (https://www.mathworks.com), accessible upon logging in with your 

MathWorks account. Initiate the installation process by running the installer executable. 

The installation wizard will guide through various configuration options, allowing to 

customize the installation to suit specific needs. Options typically include selecting the 

installation directory, choosing components to install (such as MATLAB, Simulink, 

toolboxes, etc.), and creating shortcuts for convenient access.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.4: MATLAB R2023b. 
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Once installation is completed then it is required to activate MATLAB license or logging 

in with your MathWorks account credentials. Activation ensures compliance with 

licensing agreements and unlocks the full functionality of MATLAB R2023b and 

Simulink 23.2. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.5: Simulink 23.2 installed on MATLAB R2023b. 

 

6.4 Data Acquisition 

 

Figure 6.6 shows the conventional Maximum Power Point Tracking (MPPT) which was 

simulated in the MATLAB Simulink software simulator which is required for capturing 

of required instantaneous voltage and instantaneous current drawn from the solar panel, 

irradiance of the incident wave and ambient temperature of the solar panel. 
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Figure 6.6: Conventional MPPT simulated in the MATLAB Simulink software 

simulator. 

 

In order to convert signals in the output scope in the MATLAB Simulink, default 

settings of the has to change to data logging mode as shown in Figure 6.7. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.7: MATLAB Simulink software simulator data logging mode. 
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Data logging mode has to be enabled for the following parameters of solar panel. 

Instantaneous voltage of the solar panel, instantaneous current drawn from the solar 

panel, irradiance of the incident wave and ambient temperature of the solar panel. 

 

Once settings are completed MATLAB Simulink can start the simulation process as 

shown in Figure 6.8. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.8: Conventional MPPT simulated in MATLAB Simulink software simulator 

with enabled data logging features. 

 

6.3 Generating Dataset 

 

Generating CSV file is an important step in using the MATLAB. Once the simulation is 

completed results can be found under the Workspace window of MATLAB as shown in 

Figure 6.9. 
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Figure 6.9: Output dataset displayed in MATLAB. 

 

Once output data sets of instantaneous voltage of the solar panel, instantaneous current 

drawn from the solar panel, irradiance of the incident wave and ambient temperature of 

the solar panel were generated, they are required to compile to one dataset.  MATLAB is 

capable of generating dataset table using table command as shown in the Figure 6.10. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.10: Generating dataset table in MATLAB. 
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CSV file can be created using a by writing a MATLAB script shown in Figure 6.11 to 

extract the necessary information from the MATLAB Workspace. 

 

Figure 6.11: MATLAB script to generate CSV dataset. 

 

Once the table is generated it can be converted to Comma Seperated Values (CSV) file 

and exported as shown in Figure 6.12. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.12: CSV dataset for conventional MPPT using MATLAB. 
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6.4 Model Training Process 

 

Once dataset is obtained then step is to train the machine learning model. In chapter 5 it 

was explained that selection of reasons why Random Forest Regression was selected as 

the machine learning model for VCIT-MPPT system. First following Python libraries 

and machine learning libraries (numpy, pandas, math, pyplot, seaborn, sklearn) should 

be imported as indicated in the Figure 6.13.  

  

 

 

 

 

 

Figure 6.13: Importing of Python libraries. 

 

Then data set to be imported and converted it to Pandas data frame as shown in Figure 

6.14. 

 

 

 

 

 

 

 

 

 

 

Figure 6.14: Importing of dataset and converting to DataFrame. 

 

Then dataset should be checked for missing values and if there are any missing values 

the "ffill" method is particularly useful in scenarios where missing data points occur 
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intermittently but can be reasonably assumed to have the same value as the preceding 

valid data point. When applying "ffill" to fill missing data, the last observed value is 

propagated forward to fill the gaps until the next valid data point is encountered. In 

MPPT datasets, using "ffill" ensures that missing data points do not disrupt the 

continuity of the time series. This approach maintains the integrity of the dataset and 

allows for the accurate analysis and optimization of the maximum power point (MPP) of 

a photovoltaic system over time, thereby improving the reliability and effectiveness of 

photovoltaic systems. 

 

 

 

 

 

 

Figure 6.15: Checking for missing values and applying "ffill" to fill missing data. 

 

After preprocessing the dataset, it should be divided into separate training and testing 

sets in order to assess the performance of the model. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.16: Splitting the MPPT dataset into training and testing. 
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Then MPPT dataset has to be splitted into two parts X and y. X subset of the dataset 

consists of the input parameters of the temperature, irradiance, voltage, current values 

and the y subset of the dataset consists of output parameter of reference voltage. 
 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.17: Training the VCIT-MPPT model using Random Forest Regression. 

 

Once VCIT-MPPT model is trained using Random Forest Regression it is required to 

test and evaluate its performance. For this variance and bias were calculated and model 

has given 0.0014319905179881916 value as variance and 1.2697465569407419e-05 

value as bias. These figures indicate that the model exhibits minimal fluctuation and 

extremely slight prejudice. This implies that the model is sturdy (with low fluctuation) 

and adept at discerning the inherent patterns within the data (with low prejudice). 

Consequently, the model is expected to excel not only on the training dataset but also on 

unseen data, achieving a harmonious equilibrium between grasping intricate patterns and 

steering clear of overfitting. 

 

 

 

 

 

Figure 6.18: Accuracy of the VCIT-MPPT model 
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The performance metrics provided for the VCIT-MPPT system utilizing Random Forest 

Regression are quite impressive. With an accuracy of 99.11 %, the system demonstrates 

a high level of precision in predicting the maximum power point (MPP) of a PV system 

based on voltage, current, irradiance, and temperature inputs. This indicates that the 

model's predictions closely match the actual MPP values, which is critical for improving 

the power output of PV panels. 

 

Moreover, low values for Mean Absolute Error (MAE), Mean Square Error (MSE), and 

Root Mean Square Error (RMSE) validate the effectiveness of the model. MAE value 

0.0024 suggests that, on average, the model's predictions deviate from the actual MPP by 

only a small margin. The MSE, being on the order of 10 to the power -5, indicates 

minimal variance between predicted and actual values, while the RMSE of 0.0035 

signifies the square root of this variance, emphasizing the model's overall accuracy. 

 

Hence, these performances suggest that the VCIT-MPPT system utilizing Random 

Forest Regression is highly reliable and robust. It can effectively track the MPP of PV 

systems under variable environmental conditions, providing accurate predictions that 

can optimize energy harvesting and enhance the efficiency of solar power generation. 

 

6.5 Predicting the Voltage Reference 

 

MPPT_Fn is defined as serve as a Maximum Power Point Tracking (MPPT) function. 

This function takes four parameters: Temp (temperature), Irr (irradiance), Vol (voltage), 

and Cur (current). These parameters represent the real time environmental conditions & 

electrical characteristics of photovoltaic system, which are crucial for determining the 

maximum power point (MPP) of the system. 

 

 

 

 

 

Figure 6.19: Defining MPPT function in VCIT-MPPT. 
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Inside the MPPT_Fn function, the input parameters are assigned to corresponding 

variables: Inst_Temp, Inst_Irr, Inst_Vol, and Inst_Cur, respectively. These variables 

represent the instantaneous values of temperature, irradiance, voltage, and current, 

which are used as inputs for the MPPT algorithm. The function then utilizes the Random 

Forest Regressor to predict the V_Ref based on the provided input parameters. 

 

Then, on the MATLAB Simulink it is required to design the VCIT-MPPT system. First it 

is required to complete the design as shown in the Figure 6.20. Then Python function 

block of the Py_MPPT should be coded. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.20: Designing of VCIT-MPPT system in MATLAB Simulink. 

 

6.5 System Interfaces 

 

Py_MPPT is a Python function block in Simulink offers a seamless integration of 

custom Python code within Simulink models, enabling to extend the functionality of 

their simulations. It allows users to incorporate Python scripts for custom computations, 

data processing, or interfacing with external systems. This block facilitates seamless 

integration of Python functionality into Simulink simulations with input and output ports 
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facilitating data exchange, it can execute Python code directly within Simulink 

environments. 

 

 

 

 

 

 

 

 

Figure 6.21: Py_MPPT function block code. 

6.6 Summary 

 

The implementation of a machine learning-based VCIT-MPPT system utilized an 

Intel(R) Core (TM) i7-10510U CPU with 32 Giga Bytes of Random Access Memory 

running Windows 10 Pro (22H2). Essential software, including Python 3.11, Jupyter 

Notebook 6.4.12, MATLAB R2023b, and Simulink 23.2, were installed on this 

infrastructure. The VCIT-MPPT model employed Random Forest Regression, trained 

and evaluated using Python libraries like NumPy and scikit-learn. The model exhibited 

high accuracy (99.11%), low mean absolute error (0.0024), and minimal mean square 

error (1.27e-05), validating its reliability. The MPPT function, MPPT_Fn, integrated the 

Random Forest Regressor to predict voltage reference based on real-time environmental 

and electrical parameters. In Simulink, the Python Function block, Py_MPPT, enabled 

seamless execution of Python code within the simulation environment, extending 

functionality and facilitating data exchange between Simulink and Python. 
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CHAPTER 7 

EVALUATION OF VCIT-MPPT SYSTEM 

 

7.1 Introduction 

 

Chapter 6 described about the implementation process of VCIT-MPPT system. This 

chapter describes about evaluation of the machine learning based VCIT-MPPT system. 

This chapter aims to assess the performance of the VCIT-MPPT system subjected 

various environmental conditions such as irradiance & temperature and to evaluate the 

model performance with the conventional MPPT system. 

 

7.2 Selection of ML Model 

 

Selection of the machine learning (ML) model for the VCIT-MPPT system is crucial for 

achieving accurate and efficient maximum power point tracking. Dataset analysis and 

visualization are the two most important parts prior selection of suitable machine 

learning model. As the first step missing values were checked and filled using forward 

fill (ffill) method and ensured there are no null values or missing values in the data set 

by using DataFrame.describe() function. 

 

 

 

 

 

 

 

 

 

 

Figure 7.1: VCIT-MPPT dataset description using Jupyter Notebook 
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Then these data were normalized and visualized using seaborn pairplot() function as 

shown in Figure 7.2. 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

Figure 7.2: Visualization of VCIT-MPPT dataset using seaborn pairplot() function 

 

Then these data were corelated and visualized using seaborn heatmap() function taken 

all the inputs as irradiance, temperature, voltage, current values and output as the 

reference voltage value as shown in Figure 7.3 and Figure 7.4. 

 

 

 

 

 

 

 

 

 

Figure 7.3: Correlation of VCIT-MPPT dataset using pandas corr() function 
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Form the above correlation analysis it is understood that, voltage reference vs. current is 

having correlation coefficient of 0.950184. This implies that there is a strong positive 

correlation between voltage reference and current. This means that as voltage reference 

increases, current tends to increase as well, and vice versa. 

 

Voltage reference vs. irradiance is having correlation coefficient of 0.921387. This 

implies that there is a strong positive correlation between voltage reference and 

irradiance. this indicates that as voltage reference increases, irradiance also tends to 

increase, and vice versa. 

 

Voltage reference vs. temperature is having correlation coefficient of 0.089818. This 

implies that weak positive correlation is present between voltage reference and 

temperature. the correlation co-efficient being close to the value of zero suggests that 

there is little or there is no linear relationship between these two variables. 

 

Voltage reference vs. voltage is having correlation coefficient of -0.282672. this implies 

that there is a moderate negative correlation between voltage reference and voltage. this 

means that as voltage reference increases, voltage tends to decrease, and vice versa. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.4: Visualization of VCIT-MPPT dataset using seaborn heatmap() function 
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From the heatmap it is evident that, current exhibits strong positive correlations with 

both irradiance (0.98) and voltage reference (0.95), indicating their simultaneous 

increase. However, its correlation with temperature is close to zero (-0.0039), implying 

minimal linear relationship, and it shows a moderate negative correlation with voltage (-

0.19), which is implying an inverse relationship. 

 

Voltage has a weak negative correlation with both voltage reference (-0.28) and current 

(-0.19), indicating a tendency to decrease as they increase. Additionally, there's a weak 

negative correlation with irradiance (-0.078) and a strong negative correlation with 

temperature (-0.71), implying an inverse relationship. 

 

Temperature exhibits a weak positive correlation with voltage reference (0.09), while its 

correlations with irradiance and current are close to zero, suggesting minimal linear 

relationships. However, there's a strong negative correlation with voltage (-0.71), 

indicating a significant inverse relationship. 

 

Irradiance shows strong positive correlations with both current (0.98) and voltage 

reference (0.92), indicating their simultaneous increase. However, its correlations with 

temperature and voltage are close to zero, suggesting minimal linear relationships. 

 

Importantly there are strong positive correlations exist between voltage reference and 

both current (0.95) and irradiance (0.92), indicating that increases in voltage reference 

are associated with corresponding increases in current and irradiance. However, there's a 

weak positive correlation with temperature (0.09), suggesting a less pronounced 

relationship, and a moderate negative correlation with voltage (-0.28), implying an 

inverse relationship. 

 

Random Forest Regression, Decision Tree Regression, Ridge Regression, Lasso 

Regression and Linear Regression model were defined, trained, evaluated and plotted 

the same using following Python codes in the Jupyter Notebook as shown in Figure 7.5. 
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Figure 7.5: Defining, training, evaluating and plotting various models. 

 

Figure 7.6: Selection of the machine learning (ML) model for the VCIT-MPPT system. 
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After conducting model performance comparison based on the dataset as indicated in 

Figure 7.6, Random Forest Regression has been chosen over Linear Regression, Ridge 

Regression, Lasso Regression, and Decision Tree Regression. This decision is based on 

the lower Mean Squared Error (MSE) and higher R-squared (R2) value achieved by the 

Random Forest Regression model. Random Forest Regression, a robust ensemble 

learning method, enhances predictive accuracy by amalgamating numerous decision 

trees. Through the creation of multiple decision trees during training, it generates 

predictions based on the average outcome of these trees, effectively mitigating 

overfitting and heightening accuracy. 

 

7.3 Performance Evaluation 

 

Once training of the VCIT-MPPT in completed the next step is to test and evaluate its 

performance. Once the test dataset has been prepared, the first step in model testing is to 

run the trained model on the test dataset. Figure 7.7 shows the actual reference voltage 

values vs model predicted reference voltage values using Random Forest Regression. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.7: Actual reference voltage values vs model predicted reference voltage values 

using Random Forest Regression. 
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Variance refers to the model's sensitivity to fluctuations in the training data. High value 

of variance denotes that the model is overly sensitive to the training data and captures 

noise along with the underlying patterns. Conversely, a low variance suggests that the 

model is more robust and generalizes well to unseen data. Bias measures how much the 

predicted values differ from the true values. A high bias value suggests the model 

oversimplifies the data, missing its intricate patterns, resulting in underfitting. 

Conversely, a low bias indicates the model adeptly captures these patterns, closely fitting 

the training data without oversimplification. 

Variance and bias were calculated and model has given 0.0014319905179881916 value 

as variance and 1.2697465569407419e-05 value as bias. These values suggest that the 

model has low variance and very low bias. This suggests that the model demonstrates 

stability (minimal fluctuation) and effectively grasps the fundamental patterns within the 

data (minimal distortion). As a result, it is expected to excel not only on the training 

dataset but also on new, unseen data, achieving a harmonious equilibrium between 

understanding intricate patterns and preventing overfitting. Figure 7.8 depicts a 

visualization of variance and bias concerning the true line. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.8: Variance and bias plot w.r.t. true line. 
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7.4 Dataset 

 

The nature of the data employed encompasses several key parameters crucial for 

understanding and optimizing MPPT systems' performance. The data includes 

parameters related to the solar panel's electrical characteristics, such as instantaneous 

voltage and current drawn from the panel and varying environmental conditions 

temperature and incident irradiance levels. Ambient temperature data is incorporated 

into the datasets, as temperature variations significantly impact the efficiency and 

performance of solar panels. Temperature affects the electrical properties of the panel, 

including its voltage and current output, necessitating its consideration in MPPT system 

analysis. Irradiance values, representing the intensity of sunlight incident on the solar 

panel, which directly influences its power generation capability. 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.9: Description of Dataset 

 

The dataset is able to capture the dynamic interaction between these parameters, 

reflecting real world conditions that MPPT systems operate within. By simulating these 

interactions using tools like MATLAB Simulink software, the impact on MPP under 

various scenarios can be studied. Furthermore, MATLAB Simulink can generate datasets 

in CSV format which can facilitate further analysis and processing.  
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7.5 Model Training 

 

Before training the Random Forest Regression model, it's crucial to prepare the dataset. 

This involves steps such as handling missing values and splitting the dataset into training 

and testing sets to evaluate the model's performance. 

 

  

Figure 7.10: Splitting the dataset into training and testing. 

 

 

Dataset was split into two parts X and y. X subset of the dataset consists of the input 

parameters of the temperature, irradiance, voltage, current values and the y subset of the 

dataset consists of output parameter of reference voltage. X_train and X_test represent 

the training and testing datasets for features, while y_train and y_test correspond to the 

training and testing datasets for target variables. The data is split using a 70-30 ratio and 

random_state ensures reproducibility. 
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Figure 7.11: Training the model using Random Forest Regression. 

 

7.6 Testing of the Novel Design 

 

The testing phase involves subjecting the VCIT-MPPT system to exposing the simulated 

environmental conditions to evaluate its functionality and robustness. This includes 

testing the system's ability to accurately track the MPP of solar panels under changing 

irradiance, temperature, voltage and current levels. Various test cases are designed to 

simulate different operating conditions and assess the system's response and 

performance.  

 

During the testing procedure both conventional and Random Forest Regression based 

VCIT-MPPT system are exposed to same simulated environmental conditions and 

reference voltage (V_Ref) and the wattage of both systems were compared for following 

random environmental conditions. 

 Scenario 01 – Temp.25 ̊C & Irr. Level 1,000 W/m2 (STC) 

Scenario 02 – Temp.10 ̊C & Irr. Level 1,020 W/m2 

Scenario 03 – Temp.15 ̊C & Irr. Level 600 W/m2 

Scenario 04 – Temp.20 ̊C & Irr. Level 800 W/m2 

Scenario 05 – Temp.22 ̊C & Irr. Level 1,100 W/m2 

Scenario 06 – Temp.25 ̊C & Irr. Level 1,350 W/m2 

Scenario 07 – Temp.30 ̊C & Irr. Level 1,250 W/m2 

Scenario 08 – Temp.35 ̊C & Irr. Level 1,400 W/m2 
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Scenario 01 – Temp. 25 ̊C & Irr. Level 1000 W/m2 (STC). 

 

Conventional MPPT is giving values between 0.6501 – 0.6513 for voltage reference 

(V_Ref) and it is a fluctuating value which results fluctuation of system output power / 

wattage of the system as 97,370 – 97,800 W. Figure 7.12 & 7.13 demonstrates the 

fluctuation of V_Ref and wattage. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.12: Fluctuation of voltage reference in conventional MPPT at STC. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.13: Fluctuation of wattage in conventional MPPT at STC. 
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However, VCIT-MPPT is giving value of 0.6514 for voltage reference (V_Ref) and it is 

a steady value which results steady output power / wattage of the system as 99,190 W. 

Figure 7.14 & 7.15 demonstrates the steady V_Ref and wattage. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.14: Voltage reference in VCIT-MPPT at STC. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.15: Wattage in VCIT-MPPT at STC. 
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Scenario 02 – Temp.10 ̊C & Irr. Level 1,020 W/m2. 

 

Conventional MPPT is giving values between 0.6515 – 0.6595 for voltage reference 

(V_Ref) and it is a fluctuating value which results fluctuation of system output power / 

wattage of the system as 106,300 – 107,300 W. 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.16: Fluctuation of wattage in conventional MPPT at Temp.10 ̊C and & Irr. 

Level 1,020 W/m2. 

However, VCIT-MPPT is giving value of 0.6572 for voltage reference (V_Ref) and it is 

a steady value which results steady output power / wattage of the system as 108,000 W. 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.17: Wattage in VCIT-MPPT at Temp.10 ̊C & Irr. Level 1,020 W/m2. 
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Scenario 03 – Temp.15 ̊C & Irr. Level 600 W/m2. 

 

Conventional MPPT is giving values between 0.5525 – 0. 5590 for voltage reference 

(V_Ref) and it is a fluctuating value which results fluctuation of system output power / 

wattage of the system as 61,900 – 62,350 W. 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.18: Fluctuation of wattage in conventional MPPT at Temp.15 ̊C & Irr. Level 

600 W/m2. 

However, VCIT-MPPT is giving value of 0.5540 for voltage reference (V_Ref) and it is 

a steady value which results steady output power / wattage of the system as 62,590 W.  

 

 

 

 

 

 

 

 

 

 

 

Figure 7.19: Wattage in VCIT-MPPT at Temp.15 ̊C & Irr. Level 600 W/m2. 
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Scenario 04 – Temp.20 ̊C & Irr. Level 800 W/m2. 

 

Conventional MPPT is giving values between 0.5987 – 0.6118 for voltage reference 

(V_Ref) and it is a fluctuating value which results fluctuation of system output power / 

wattage of the system as 77,990 – 80,020 W. 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.20: Fluctuation of wattage in conventional MPPT at Temp.20 ̊C & Irr. Level 

800 W/m2. 

However, VCIT-MPPT is giving value of 0.6086 for voltage reference (V_Ref) and it is 

a steady value which results steady output power / wattage of the system as 80,120 W.  

 

 

 

 

 

 

 

 

 

 

 

Figure 7.21: Wattage in VCIT-MPPT at Temp.20 ̊C & Irr. Level 800 W/m2. 
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Scenario 05 – Temp.22 ̊C & Irr. Level 1,100 W/m2. 

 

Conventional MPPT is giving values between 0.6530 – 0.6533 for voltage reference 

(V_Ref) and it is a fluctuating value which results fluctuation of system output power / 

wattage of the system as 105,600 – 106,000 W. 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.22: Fluctuation of wattage in conventional MPPT at Temp.22 ̊C & Irr. Level 

1,100 W/m2. 

However, VCIT-MPPT is giving value of 0.6530 for voltage reference (V_Ref) and it is 

a steady value which results steady output power / wattage of the system as 106,800 W.  

 

 

 

 

 

 

 

 

 

 

 

Figure 7.23: Wattage in VCIT-MPPT at Temp.22 ̊C & Irr. Level 1,100 W/m2. 
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Scenario 06 – Temp.25 ̊C & Irr. Level 1,350 W/m2. 

 

Conventional MPPT is giving values between 0.7014 – 0.7021 for voltage reference 

(V_Ref) and it is a fluctuating value which results fluctuation of system output power / 

wattage of the system as 130,100 – 130,500 W. 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.24: Fluctuation of wattage in conventional MPPT at Temp.25 ̊C & Irr. Level 

1,350 W/m2. 

However, VCIT-MPPT is giving value of 0.6997 for voltage reference (V_Ref) and it is 

a steady value which results steady output power / wattage of the system as 131,000 W.  

 

 

 

 

 

 

 

 

 

 

 

Figure 7.25: Wattage in VCIT-MPPT at Temp.25 ̊C & Irr. Level 1,350 W/m2. 
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Scenario 07 – Temp.30 ̊C & Irr. Level 1,250 W/m2. 

 

Conventional MPPT is giving values between 0.6981 – 0.7011 for voltage reference 

(V_Ref) and it is a fluctuating value which results fluctuation of system output power / 

wattage of the system as 120,300 – 120,500 W. 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.26: Fluctuation of wattage in conventional MPPT at Temp.30 ̊C & Irr. Level 

1,250 W/m2. 

However, VCIT-MPPT is giving value of 0.7219 for voltage reference (V_Ref) and it is 

a steady value which results steady output power / wattage of the system as 120,600 W.  

 

 

 

 

 

 

 

 

 

 

 

Figure 7.27: Wattage in VCIT-MPPT at Temp.30 ̊C & Irr. Level 1,250 W/m2. 
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Scenario 08 – Temp.35 ̊C & Irr. Level 1,400 W/m2. 

 

Conventional MPPT is giving values between 0.7007 – 0.7036 for voltage reference 

(V_Ref) and it is a fluctuating value which results fluctuation of system output power / 

wattage of the system as 127,000 – 127,400 W. 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.28: Fluctuation of wattage in conventional MPPT at Temp.35 ̊C & Irr. Level 

1,400 W/m2. 

However, VCIT-MPPT is giving value of 0.7039 for voltage reference (V_Ref) and it is 

a steady value which results steady output power / wattage of the system as 129,000 W.  

 

 

 

 

 

 

 

 

 

 

 

Figure 7.29: Wattage in VCIT-MPPT at Temp.35 ̊C & Irr. Level 1,400 W/m2. 
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Results obtained during testing process were summarized and can be tabulated as 

follows: -  

 

Table 7.1: Summary of conventional MPPT vs VCIT-MPPT test results 

 

7.7 Evaluation of the Novel Design 

 

The evaluation phase involves analyzing the data collected during testing to assess the 

performance of the VCIT-MPPT system. Key metrics such as efficiency, accuracy, 

stability, and settling time are evaluated to determine how well the system performs 

compared to conventional MPPT methods. 

Sen. Temp. Irradiance 

Conventional MPPT VCIT-MPPT 

V Ref Wattage 
Settling 

Time 
V Ref Wattage 

Settling 

Time 

01 25 ̊C 
1,000 

W/m2 

0.6501 – 

0.6513 

97,370 – 

97,800 W 
147 mS 0.6514 99,190 W 82 mS 

02 10 ̊C 
1,020 

W/m2 

0.6515 – 

0.6595 

106,300 – 

107,300 W 
147 mS 0.6572 108,000 W 82 mS 

03 15 ̊C 
600 

W/m2 

0.5525 – 

0. 5590 

61,900 – 

62,350 W 
121 mS 0.5540 62,590 W 82 mS 

04 20 ̊C 
800 

W/m2 

0.5987 – 

0.6118 

77,990 – 

80,020 W 
166 mS 0.6086 80,120 W 82 mS 

05 22 ̊C 
1,100 

W/m2 

0.6530 – 

0.6533 

105,600 – 

106,000 W 
160 mS 0.6530 106,800 W 82 mS 

06 25 ̊C 
1,350 

W/m2 

0.7014 – 

0.7021 

130,100 – 

130,500 W 
180 mS 0.6997 131,000 W 82 mS 

07 30 ̊C 
1,250 

W/m2 

0.6981 – 

0.7011 

120,300 – 

120,500 W 
186 mS 0.7012 120,600 W 82 mS 

08 35 ̊C 
1,400 

W/m2 

0.7007 – 

0.7036 

127,000 – 

127,400 W 
212 mS 0.7039 129,000 W 82 mS 
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Efficiency of the PV system is defined at the Standard Test Conditions (STC). As per the 

PV array configuration and technical data are shown in Figure 7.40 solar array consists 

of 47 x10 strings. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.30 PV array configuration and technical data 

 

Hence, maximum power output of the solar panel system can be calculated in following 

manner:- 

 

Voltage of the array at MPP : 10 x 29 = 290 VDC 

Current of the array at MPP : 47 x 7.35 = 345.45 Amps 

Maximum Power Output at MPP : 290 VDC x 345.45 Amps = 100,180.50 Watts  

 

Conventional MPPT is giving output wattage of 97,370 – 97,800 W which is 97.19 – 

97.62% whereas VCIT-MPPT is giving output wattage of 99,190 W which is 97.19 – 

99.01%. Hence, VCIT-MPPT has shown 1.39% efficiency improvement over 

conventional MPPT.  
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Figure 7.31: Accuracy of the VCIT-MPPT model 

 

The performance metrics provided for the VCIT-MPPT system utilizing Random Forest 

Regression are quite impressive. Model demonstrate training accuracy of 99.88% and 

testing accuracy of 99.11%. The train accuracy of 99.88% shows that the model fits the 

training data very well. It means that during the training phase, the model learned the 

patterns in the data almost perfectly. The test accuracy of 99.11% indicates that the 

model performs very well on unseen data. This means that when new data is introduced 

to the model, it can correctly classify or predict the outcome with high accuracy. 

 

 

 

Figure 7.32: Cross Validation Scores of the VCIT-MPPT model 

 

The cross validation scores offer further understanding of how the model performs 

across various data subsets. With scores ranging from around 99.08% to 99.16% 

displaying minimal variance and it indicates steady performance across different data 

folds. This suggests that the model demonstrates good generalization capabilities and 

avoids overfitting to the training data. 

 

Hence, the system demonstrates a high level of precision in predicting the MPP of a PV 

system based on voltage, current, irradiance, and temperature inputs. This indicates that 

the model's predictions closely match the actual MPP values, which is critical for 

optimizing the energy output of PV panels. 

 

Output Wattage of VCIT-MPPT system is stable whereas, in conventional MPPT system 

it was observed that, output wattage is varying by 430 – 2,030 Watts. Hence, VCIT-

MPPT is showing significant stable output over conventional MPPT. 
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Settling time of the conventional MPPT system 121 – 212 milliseconds settling time and 

even after that also it is giving varying output whereas, in VCIT-MPPT system it is only 

taking 82 milliseconds settling time and giving a stable output. 

 

7.8 Results 

 

The evaluation outcomes offer valuable understanding into how well the VCIT-MPPT 

system performs and how effective it is. These findings might encompass visual data, 

statistical breakdowns, and performance indicators drawn from the testing period. 

Significant discoveries, like better energy capture, decreased power wastage, and 

enhanced dependability, are emphasized to showcase the advantages of this innovative 

approach. 

 

Hence, these performances suggest that the VCIT-MPPT system utilizing Random 

Forest Regression is highly reliable and robust. It can effectively track the MPP of 

photovoltaic systems under varying environmental conditions, providing accurate 

predictions that can optimize energy harvesting and enhance the efficiency of solar 

power generation. 

 

7.9 Summary 

 

Assessing the VCIT-MPPT system's performance which utilizes machine learning 

methods to enhance MPPT efficiency, involves crucial steps such as selecting the right 

ML model and conducting thorough dataset analysis and visualization. Random Forest 

Regression emerges as the optimal choice due to its superior performance in terms of 

lower Mean Squared Error and higher R-squared value among the ML models 

considered for evaluation. Performance of the VCIT-MPPT system is evaluated, with a 

focus on testing its ability to accurately track the maximum power point under changing 

environmental conditions. The novel VCIT-MPPT system underwent rigorous testing to 

evaluate its functionality across simulated environmental conditions, focusing on 

accurately tracking solar panel power points. Compared to conventional MPPT, VCIT-
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MPPT demonstrated steadier performance and higher efficiency. The evaluation phase 

analyzed data, emphasizing metrics like efficiency, accuracy, stability, and settling time. 

Results revealed VCIT-MPPT's superiority, showing 1.39% efficiency improvement 

over conventional methods. Utilizing Random Forest Regression, VCIT-MPPT achieved 

accuracy of 99.11% in predicting maximum power points, ensuring optimal energy 

output. Additionally, it exhibited stable output wattage and quicker settling times, 

highlighting its reliability and robustness and these findings emphasized VCIT-MPPT's 

effectiveness in optimizing solar power generation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 



89 
 

CHAPTER 8 

CONCLUSION AND FURTHER WORK 
 

The research has been carried out to enhance capabilities of Maximum Power Point 

Tracking (MPPT) in the solar power systems with less cost and computational power 

requirements. Objectives of the research which are critical review of evolution of MPPT 

techniques and in-depth study of technologies used in modern MPPT were covered in 

second chapter. Design and implement an ML model that utilizes inputs of solar panel 

voltage, current, irradiance, and temperature to optimize the performance of solar panel 

was covered in fifth chapter. Evaluation of the implemented solution is covered in the 

seventh chapter of this thesis. The novel approached VCIT-MPPT system aimed to 

optimize energy harvesting efficiency and reliability by accurately MPP of PV panels 

under varying environmental conditions. Through rigorous testing and evaluation, we 

have demonstrated the effectiveness and superiority of the VCIT-MPPT system 

compared to conventional MPPT methods. 

 

The implementation process involved setting up a robust computing infrastructure and 

installing essential software components such as Python, Jupyter Notebook, MATLAB, 

and Simulink. Random Forest Regression was utilized for training the machine learning 

model, leveraging libraries like NumPy, pandas, and scikit-learn. The model exhibited 

impressive accuracy and minimal error metrics, ensuring reliable predictions of the MPP. 

During the testing phase, the VCIT-MPPT system was subjected to various simulated 

environmental conditions, including changes in temperature and irradiance levels. 

Comparative analysis with conventional MPPT systems revealed significant 

improvements in stability, efficiency, and settling time. The VCIT-MPPT system 

consistently provided steady voltage reference and output wattage, demonstrating its 

reliability and robustness across different scenarios. 

 

One of the key findings of research was the efficiency improvement achieved by the 

VCIT-MPPT system. With an accuracy rate of 99.11% in predicting maximum power 

points, the system outperformed conventional methods, resulting in a 1.39% efficiency 
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improvement. This improvement is crucial for enhancing energy harvesting efficiency 

and reducing power losses in solar power systems, ultimately leading to increased 

renewable energy utilization. Moreover, the VCIT-MPPT system exhibited stable output 

wattage and quicker settling times compared to conventional MPPT systems. This 

stability is essential for maintaining consistent power output and optimizing energy 

generation in real-world applications. Additionally, the reduced settling time enhances 

the responsiveness of the system, allowing it to adapt quickly to changes in 

environmental conditions. 

 

The results obtained from our evaluation provide compelling evidence of the 

effectiveness and reliability of the VCIT-MPPT system. By accurately tracking the MPP 

of photovoltaic panels under varying environmental conditions, VCIT-MPPT system 

gives significant benefits in terms of energy harvesting efficiency and reliability. These 

findings underscore the potential of machine learning-based approaches in optimizing 

solar power generation and advancing renewable energy technologies. One limitation 

identified when implementing the VCIT-MPPT on actual circuit will be usage of termo-

couple and TVC (temperature voltage converter) unit for temperature measurements and 

irradiance sensor or photo-voltic sensor for irradiance level measurements will give 

millivoltage values and same needs to be amplified prior giving to the VCIT-MPPT. 

Hence, fresh dataset or mapping TVC and irradiance sensor / photo-voltic sensor for 

temperature and irradiance will be required prior training of the ML model since both 

sensors will be giving corresponding output values in terms of the voltage instead of 

temperature and irradiance. 

 

In conclusion, the VCIT-MPPT system represents a significant advancement in MPPT 

technology, offering improved efficiency, stability, and responsiveness compared to 

conventional methods. The integration of machine learning algorithms enhances the 

system's predictive capabilities, enabling precise tracking of the MPP and maximizing 

energy output from solar panels with less cost and computational requirements.  
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