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Chapter 1

Introduction

Solar photovoltaic (PV) systems have emerged as a key player in renewable en-
ergy, offering a sustainable alternative to conventional power sources. However,
their performance can be significantly hampered by partial shading, which leads
to suboptimal power generation. Maximum Power Point Tracking (MPPT) tech-
niques are vital for optimizing solar array output by continuously adjusting the
operating point to the maximum power point (MPP) under dynamic environmen-
tal conditions. The traditional MPPT algorithms are Perturb and Observe (P&O),
Incremental Conductance (IncCond), may face difficulties in effectively tracking
MPP under partial shading with reduced efficiency and energy losses[1, 2].

During the last couple of years, ML has emerged as a promising approach to-
ward MPPT challenges in solar arrays operating under partial shading conditions
[3, 4, 5]. ML algorithms are capable of analyzing complex and dynamic data sets,
learning patterns from historical data, and adaptively readjusting MPPT parame-
ters at runtime [6, 7, 8]. In fact, applying ML techniques is another effective way of
developing intelligent MPPT controllers that seriously suppress the partial shading
effect for improving efficiency in energy harvesting and overall system reliability
[9, 10, 11].

This research will, therefore, investigate the capability of ML approaches to-
ward the improvement of MPPT efficiency in solar arrays operating under par-
tial shading conditions. We will also review the application of certain ML algo-
rithms, such as neural networks and support vector machines in developing intel-
ligent MPPT controllers [12, 13, 14]. Such controllers will be trained on extensive
datasets of solar arrays operating in different shading scenarios to learn and adapt
to changing environmental conditions [15, 4]. ML handles nonlinear relationships
more effectively than other techniques; thus, it enables more accurate MPP estima-
tions than traditional approaches [16, 17, 18]. Moreover, ML algorithms excel at
recognizing complex patterns in data. They can learn the relationship between en-
vironmental conditions (irradiance, temperature, shading patterns) and the MPP,
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enabling accurate predictions and tracking [19, 20].

In summary, this study explores how machine learning can improve the eftfi-
ciency of solar panels in situations where there’s non-uniform irradiance. Future
work will focus on creating unsupervised ML algorithms such as specifically de-
signed for MPPT, taking into account factors like how quickly they run, how well
they work with large amounts of data, and how well they handle different shading
situations.
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1.1 Ethical and Professional Responsibilities

¢ Ethical Responsibility:Development of the ML system for MPPT in solar ar-
rays under partial shading conditions brings about a variety of ethical issues.
One issue may be that the biases will be introduced into algorithms to result
in perceived unfair or unequal outcomes. A typical instance is when a large
percentage of training data is derived from solar arrays have to be installed
in sunny locations, and overall system performance can be poor for overcast
regions. This may affect the amount of energy output and cost benefits that
users from a particular region get.

Considering the implications of this in future studies, it’s important to ensure
the training dataset is representative of a wide array of shading conditions
and various operating environments. This can be done by collecting data
from different geographical regions and climate zones. Much larger ranges
of conditions can also be filled in with the help of simulated data. Regular
checks and assessments of the system’s performance should also be carried
out to identify and correct any biases that develop over time. The process
in which ML algorithms are developed and set up has to be transparent
to be accountable or independent reviews be conducted. Another ethical
Another issue is privacy. If the system is going to monitor personal data,
like the pattern of energy use or location, it should follow strict data privacy
legislation with explicit user consent. This openness will help retain users’
trust in telling them what data is collected and for what purpose. Strong data
security measures such as encryption and access controls must be imposed
to prevent unauthorized access or data breaches. .

¢ Informed Judgments: These recommendations are included to ensure that
decisions made in this project are informed. A multidisciplinary approach
will be followed, taking both the technical and the social aspects into con-
sideration. This would comprise a panel of experts on solar energy, machine
learning, ethics, and environmental sciences, whose contributions also in-
clude diverse perceptions and perspectives that are able to inject fresh ideas.
To this effect, working with specialists from diverse fields will enhance our
preparedness for challenges and establish solutions taking into account the
technical and ethical sides of the project. Above all, the plan should be in
place to track project progress and update the system accordingly. It will
be comprised of collection of the system performance data, user feedback,
and determination of possible ethical issues. The input will be used by the
team to refine the ML algorithms, improve data collection, and handle the
ethical issues that arise. Decision-making shall be conducted in an open and
transparent manner.



Chapter 1. Introduction

In addition, a thorough risk assessment shall also be done in order to iden-
tify challenges and devise means of overcoming these challenges. This will
include dealing with technical limitations, data quality concerns, and ethical
implications. Technical limitations may be inherent either in the complex-
ity within the ML algorithms, the accuracy of sensors that have been used
for collecting data, or the reliability of the communication network. Data
quality issues may stem from incomplete, inaccurate, or biased training data.
Ethical concerns may involve privacy, biases within the algorithms, or how
the technology would affect different communities. By proactively managing
these risks, we will make better decisions across the project and minimize all
potential harm.

Global Context: The potential for the proposed MPPT system driven by ma-
chine learning is quite huge globally. Considering that solar energy plays a
crucial role in answering the challenges of climate change and energy secu-
rity, it is expected that efficient MPPT solutions can optimize the output of
solar panels, catalyzing wider adoptions of renewable energy. It can improve
energy yield across different regions, making the use of solar energy viable
and reducing reliance on fossil fuels, particularly in developing countries
with plenty of solar resources but less access to traditional energy resources.

Still, there are regional features of solar irradiance, shading, and regulations.
For instance, dust storms or considerable snowfall require special features for
handling these phenomena in respective regions. On the other hand, it has
to comply with various national regulations concerning data privacy, grid
integration, and safety standards to evade legal complications.

Solar energy is an effective off-grid solution where electrification is low. Af-
fordable MPPT systems can enhance energy access, improving education,
healthcare, and economic opportunities. Nevertheless, their implementation
should consider social and economic contexts so that it can be fair and also
sustainable.

This shall involve the local communities in decision-making, training on the
use and maintenance of the system, and sharing the benefits equitably. A
participatory and inclusive approach taken at the MPPT system has empow-
ered the communities for long-term development with technical success and
social impact.

Economic Impact: The project also offers a good chance of increasing eco-
nomic benefits. Partial shading can increase efficiency in the solar arrays
by reducing power generation, reducing energy expenses that give savings
to businesses. Reduced operating costs allow for increased competitiveness
and profitability of businesses. Likewise, the increased use of active solar en-
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ergy would mean more activity within the renewable energy sector, hence job
opportunities and economic development in those areas that have the right
resource conditions.

However, in the process of the implementation of the MPPT system through
research and development, there are bound to be short-term economic costs,
such as initial investments that are to be made in the process and potential
disruption of the normal working systems within solar energy. These chal-
lenges can be overcome only if an economic viability study of the project
is available that attracts funding into this project by governments, interna-
tional organizations, and private investors. The MPPT system can also be
accelerated in its development and deployment with an academia-industry-
government partnership.

It is also essential to provide technology access for all, irrespective of their
socio-economic profile. Policies for affordability would have to be created
in the form of subsidies, tax incentives, or finance options. Tackling these
economic issues and addressing equity of access will enhance the project’s
objective of maximizing the economic impacts of a just and inclusive transi-
tion into clean energy, thus contributing to long-term sustainability.

¢ Environmental Impact: Accomplishment of the MPPT machine learning-
based approach extends an opportunity that proves immensely valuable in
environmental sustainability. It has the potential to reduce the level of emis-
sions through greenhouse gases and help in the fight against climate change
by improving solar array efficiency. This, in turn, contributes to reducing
reliance on fossil fuel-based power generation since increased solar energy
displaces it, hence guaranteeing lower carbon emissions and reduced air pol-
lution. This change not only has a positive contribution to public health
but also serves to preserve ecosystems and improve environmental quality in
general. Besides, with reduced dependence on finite fossil fuels, the system
aids in the conservation of natural resources.

And during its development and deployment, the MPPT system should at-
tach sufficient importance to sustainable materials to ensure that the environ-
mental impact is minimal. Low environmental footprints are substitutable
with materials of recycled or renewable resources. Additionally, waste mini-
mization through efficient design and recycling programs is one of the very
important aspects of manufacturing and installing.

The lifecycle assessments conducted would show a comprehensive overview
of the overall impact on the environment caused by the system—from extrac-
tion of the raw materials down to its phases of recycling or disposal. This can
further pinpoint those areas that need improvement and could provide addi-
tional insight into adopting environmentally friendly practices. In addition,
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the ramped-up demand for the solar panels and their components might also
have potential environmental impacts that must be strongly considered. This
means considering the impacts of mining and manufacturing of such compo-
nents and promoting responsible sourcing and recycling for the technology
to remain positive and responsive to the environment.

Societal Impact: This project can be very beneficial to society in general. As
solar arrays’ efficiency increases, energy security will continue to progress
onward. This could have positive implications for public health by way of
reduced air pollution and improving air quality. This clean, reliable energy
can also contribute to higher living standards and economic opportunities,
especially in developing nations. The project will be able to contribute to
the development of the economy and employment in solar energy-related
industry branches, drivers of innovation, and technological processes simul-
taneously.

However, the positive and negative social impacts of the projects should be
duly considered. The wide diffusion of solar energy will start to change the
energy landscape and might bring substantial changes to the traditional en-
ergy industries. This implication could be job losses, particularly in the fossil
fuel industry, and may require retraining or transition of the workforce for
a just transition of all affected. Careful assessment of such possible impacts
will be necessary to provide strategies that minimize negative effects.

More importantly, the accruable benefits from this technology must be eq-
uitably shared across society. This would mean that it should be more af-
fordable and within reach, particularly for low-income groups. Significantly,
public awareness and education campaigns can improve uptake to ensure
that the benefits of this form of clean energy are realized by everybody. In
fact, through the inclusive approach undertaken here, the societal outcomes
of the project will be positive toward a future where developments are sus-
tainable and integrated.
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Methodology

This study investigates the application of machine learning (ML) techniques to en-
hance Maximum Power Point Tracking (MPPT) in solar photovoltaic (PV) systems
under partial shading conditions. The methodology is divided into several key
stages, as detailed below.

2.1 Problem Definition

Partial shading creates multiple peaks in the power-voltage (P-V) curve of solar
arrays, complicating the tracking of the global maximum power point (GMPP).
Traditional MPPT technique, Perturb and Observe (P&O), often fail to accurately
identify the GMPP under these conditions, leading to suboptimal energy harvest-
ing. The power output of a PV module is given by:

P=V-I (2.1)
where:
¢ P is the power,
¢ V is the output voltage, and
¢ [ is the current.

The relationship between voltage (V), current (I), and irradiance (G) is modeled
using the diode equation:

2.2)

(V+IRs) V + IR,
I=1 —I(anT _1>_
ph s\é Ry,

where:

* I,,: Photocurrent proportional to G,

7
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I;: Saturation current,

g: Charge of an electron,

k: Boltzmann constant,

T: Temperature,

Rs: Series resistance,
® R,;,: Shunt resistance.

In shading conditions, the P-V curve exhibits multiple local maxima. The ob-
jective of this research is to design and accurately track the GMPP using ML, over-
coming the limitations of traditional methods like Perturb and Observe (P&O),
which often converge to local maxima. ML-based MPPT controllers capable of dy-
namically adapting to partial shading scenarios, improving tracking efficiency, and
minimizing energy losses.

2.2 Data Collection

To train and test the proposed ML models, a comprehensive dataset will be com-
piled, encompassing various partial shading scenarios:

* Synthetic Data: A synthetic PV model was implemented using simulation
tools like MATLAB/Simulink and Python to create current-voltage-power (I-
V-P) characteristics based on varying irradiance (G), temperature (T). The
PV model is defined as follows:

V = np.linspace(0.1, Vo, 100) (2.3)

I 1%
=1, x <1000> X (1_Voc> x (1 —0.004 x (T —25)) (2.4)

where:

Ve is the open-circuit voltage (36 V),

I is is the short-circuit current (5.5 A),

I, is the irradiance in W/m?,

T is the cell temperature in °C.
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From the generated voltage and current vectors, the power vector is com-
puted and the maximum power point (MPP) is identified. The P&O MPPT
algorithm was used to calculate the traditional duty cycle:

Vinpp = Uarr [np.argmax(Parr)] (2.5)
_ Vmpp
001~ (i) 26

where, U, and Py, is arrays of voltage and power values respectively.

For the ML model, a dataset was created using temperature, irradiance, and
partial shading features (difflr]l and difflr2). The features also included aver-
age voltage and current from the simulated PV output. The duty cycle from
the P&O method was used as the target label.

2.3 Machine Learning Models

Several ML algorithms will be explored and compared to determine the most ef-
fective approach for MPPT:

* Neural Network based: Multi-Layer Perceptron Regressor(MLP) was used
for GMPP prediction. The general equation can be represented as follows:

y=1/ (Z wix; + b) (2.7)
i=1

where, x; are the input features, w; are the weights associated with each input
feature, b is the bias term, f is the activation function (e.g., ReLU, sigmoid,
or identity), n is the number of input features.

24 Model Training

Training, validation, and testing datasets will be split as follows:

¢ Training: 80% of the data set will be employed for model training using ma-
chine learning algorithms to improve performance to MPPT objectives with
model parameters optimized using backpropagation and minimizing the er-
ror.

¢ Testing: The remaining 20% of data shall be used as an independent test set
for testing the performance of the models.
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The models were trained with standardized inputs:

scaler = StandardScaler() (2.8)

Xscaled = scaler.fit_transform(X) (2.9)

MLPRegressor(hidden_layer_sizes = (12, ), max_iter = 2000). fif(Xscaled, Y)
(2.10)

GPR(kernel = C(1.0) x RBF(10), &« = 0.1, random_state = 42). fit(Xscaled, Y)
@.11)

2.5 Implementation

The selected ML models will be implemented in:

¢ Simulation Tools: MATLAB/Simulink and Python libraries (e.g., Tensor-
Flow, Scikit-learn).

¢ PV System Model: A detailed model of a solar array, including shading
effects, bypass diodes, and power electronics.

N

Figure 2.1: PV System Model

The system includes a Boost Converter that uses P&O algorithm to optimize
impedance matching by dynamically changing the duty cycle. A boost con-
verter operates based on this equation for controlling duty cycle (D):

Vi

D=1-
Vout

(2.12)
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2.6 Comparative Analysis

The ML-based MPPT techniques will be compared against traditional method Per-
turb&Observe under identical partial shading scenarios. Metrics for comparison
include efficiency, robustness, and scalability.

2.7 Ethical Considerations

Biases in the dataset will be minimized; the design will be transparent, taking
algorithm design principles into consideration. Moreover, data privacy regulations
will be adhered to, and environmental and societal impacts of the proposed system
will be assessed.
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Results and Discussions

3.1 Results

The following section shows simulation results about P&O method and ML-based
MPPT method performance across static and partial shading conditions. The anal-
ysis employed Python software to create power-voltage (P-V) curves together with
metrics evaluation.

Static Case Evaluation

A static scenario with irradiance of 900 W/m? and temperature of 30°C was tested.
The results were:

¢ P&O Duty Cycle: 0.5036
¢ ML Duty Cycle: 0.4278

e Predicted MPP: 43.66 W

The ML model achieves a reduced duty cycle delivery which can minimize
losses that occur from overshoot or oscillation when using standard approaches.

12
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PV Power vs Voltage at Ir=900W/m?, T=30°C

—— PV Power Curve
—== Vmpp
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w
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Figure 3.1: PV Power vs Voltage at Ir = 900 W/m?, T = 30°C

This figure 3.1 shows the characteristic I-V and P-V curves of a photovoltaic
(PV) panel. The panel reaches its maximum power point (MPP) at approximately
18 V at the given irradiance (900 W/m?) and temperature (30°C), after which the
power output reduces. The red dotted line represents the Vi,p,p—the voltage at
which MPP is reached. This is the reference point against which MPPT techniques
such as Perturb & Observe (P&O) and Machine Learning-based controllers are
compared.

Dynamic Simulation and Partial Shading Analysis

Over a time series (0 to 55 minutes at 5-minute intervals), shading was simulated
by decreasing irradiance and increasing temperature. For each timestep, both P&O
and ML duty cycles were calculated. The ML model demonstrated consistent adap-
tation to irradiance changes.

A sample of the simulation output is shown below:
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T (min) | Irr | Temp | diffIrl | difflr2 | P&O Duty | ML Duty | Predicted
MPP (W)
0 1000 | 25.0 | 300.0 | 600.0 0.5036 0.4373 | 49.4974
5 925 | 26.0 | 277.5 | 555.0 0.5036 0.3711 | 45.6019
10 850 | 27.0 | 255.0 | 510.0 0.5036 0.3103 | 41.7362
15 775 | 28.0 | 2325 | 465.0 0.5036 0.3671 | 37.9001
20 700 | 29.0 | 210.0 | 420.0 0.5036 0.4524 | 34.0938
25 625 | 300 | 1875 | 375.0 0.5036 0.4277 | 30.3171
30 550 | 31.0 | 165.0 | 330.0 0.5036 0.4341 | 26.5702
35 475 | 32.0 | 1425 | 285.0 0.5036 0.4465 | 22.8529
40 400 | 33.0 | 120.0 | 240.0 0.5036 0.4592 | 19.1654
45 325 | 34.0 97.5 195.0 0.5036 0.4728 | 15.5075
50 250 | 35.0 75.0 150.0 0.5036 0.4937 | 11.8794
55 175 | 36.0 52.5 105.0 0.5036 0.5099 | 8.2809

Table 3.1: Simulation results under various partial shading conditions

The experimental results prove that ML-based MPPT optimizes duty cycle ad-
justments to better track changing environmental conditions.

MPPT Duty Cycles Over Time
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Figure 3.2: Duty Cycle Over Time

The figure 3.2 showcases the duty cycle recommendation between P&O and ML
controllers through a 60-minute simulated period of changing shading conditions.
A constant maximum duty cycle (0.5036) persists throughout P&O operation while
it lacks adaptive capabilities to environmental radiation changes. The ML model
shows an adaptive capability through its process of reducing duty cycle at high
irradiance levels before augmenting it as environmental conditions get darker.
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Figure 3.3: Predicted MPP over Time

15

The displayed figure 3.3 reveals a downward MPP movement which matches

the pattern of reducing sunlight exposure because of shadowing. The simulation
shows MPP starting from nearly 49.5 W as it descends to about 8 W during the
simulation period. Real-time adaptability represents an essential requirement that
MPPT algorithms need to demonstrate. ML-based control seeks to achieve a better

accuracy track of MPP curve than a standalone P&O method.
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Irradiance (W/m?)

200 1

100

Partial Shading Over Time
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Figure 3.4: Partial Shading over Time

This figure 3.4 indicates the decrease in irradiance on two sections of the PV

panel (diffIrl and diffIr2). Both shadings over 60 minutes decline linearly, rep-
resenting real-world phenomena such as cloud cover or obstruction. The larger
decline in diffIr2 illustrates to what degree larger a portion of the panel can be
impacted, an aspect requiring sophisticated MPPT techniques beyond mere lookup
tables.
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Duty Cycle vs Shading
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Figure 3.5: Duty Cycle vs Shading

This dual-axis graph highlights how the ML-based MPPT method correlates
its duty cycle in response to diffIr2 (a proxy for partial shading). As shading
increases (i.e., diffIr2 drops), the ML duty cycle adjusts dynamically, whereas
P&O remains static. The result illustrates the ML model’s ability to better tailor

its response to environmental changes—critical in extracting more energy from PV
modules during sub-optimal conditions.

Efficiency Evaluation

MPPT Efficiency Comparison
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Figure 3.6: MPPT Efficiency comparison of P&O and MLP

Efficiency is measured as actual power drawn to theoretical MPP. The P&O tech-
nique here has almost perfect tracking efficiency (~ 99.5%) under constant or
slowly varying conditions. But under fast-changing shading, the MLP technique
drops but then recovers quickly, later even outperforming P&O under low-light
conditions. This validates the generalization capability of ML but also indicates
the necessity of more rigorous training under varying conditions to enhance ro-

bustness.
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Efficiency Gain of ML MPPT Over P&0O

Efficiency Gain (%)
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Figure 3.7: Efficiency Gain of MLP Over P&O

The last plot presents the difference in efficiency (gain or loss) between P&O
and ML-based MPPT. The ML approach begins being less efficient with the gener-
alized model training but begins dominating P&O after about 20 minutes, gaining
up to a 2% efficiency under severely shaded conditions. This presents the advan-
tage of ML over traditional fixed-rule approaches when dealing with nonlinearities
and complex conditions.

Efficiency was calculated as the ratio of the tracked power to the actual MPP at
each timestep. The P&O efficiency remained fixed (approximately 84-92%) due to
its static duty behavior. The ML approach improved efficiency, particularly under
low irradiance or heavy shading:

¢ Mean P&O Efficiency: 86.2%
¢ Mean ML Efficiency: 91.5%

* Average Gain: +5.3%

Efficiency gain over time showed a clear benefit of ML in partial shading, espe-
cially when diffIr2 (second-level shading) became high.
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3.2 Discussions

The simulations validate the potential of ML techniques for optimization in solar
energy harvesting under dynamic and partial shading conditions. The results that
have been suggested establish the increased flexibility of machine learning (ML)-
based MPPT methods over conventional methods like Perturb & Observe (P&O)
under conditions of partial shade. Through the simulations, it was shown that
while the duty cycle of the P&O algorithm remained unchanged during operation,
the ML model dynamically adjusted its output in real time as a function of envi-
ronmental conditions like irradiance and temperature. This enabled it to track the
global maximum power point (GMPP) more accurately and thus raised the energy
harvesting efficiency.

Both these methods were equivalent in static condition scenarios. However, un-
der dynamic as well as shading-focused scenarios, the ML model started overpow-
ering P&O. Plots like Duty Cycle vs Shading and Efficiency Gain curves revealed
that the ML model learned in an adaptive way, reducing energy loss and achieving
greater generalization across unseen or dynamic conditions. Precisely, the average
efficiency of the ML method was higher than that of P&O by around 5.3%, proving
the hypothesis that rule-based methods can be surpassed by intelligent data-driven
models under complex conditions.

In addition, the ML model was more sensitive to the environment. Such a
sensitivity, although beneficial in tuning the output, can prove troublesome to cali-
brate for overfitting or instability upon real-life implementation. It also implies the
use of varied and full-spectrum training sets, especially if the model is to be used
geographically across remote areas.

Lastly, the moral professional concerns associated with data privacy, dataset
representation fairness, and green development have also been identified. These
are of prime importance in ensuring such intelligent energy systems can be effi-
ciently deployed at scalable levels in the actual world.
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Conclusion

This capstone project effectively establishes the feasibility and benefits of employ-
ing machine learning methods in Maximum Power Point Tracking (MPPT) in solar
photovoltaic systems under partial shading. Utilizing synthetic simulation data
and models such as Multi-Layer Perceptron (MLP) and Gaussian Process Regres-
sion (GPR), the research established that ML-based controllers achieve considerable
gains in global MPP tracking, particularly under non-uniform irradiance condi-
tions.
The main takeaway points are:

¢ Increased Efficiency: ML controllers performed better than the conventional
P&O scheme in achieving an apparent efficiency increase, particularly for
intricate and dynamic shading patterns.

* Dynamic Adjustment: In contrast to fixed-rule approaches, ML controllers
exhibited adaptive behavior in responding to real-time changes in the envi-
ronmental inputs towards maximum energy harvesting.

¢ Scalability and Durability: The solution follows the international direction
of smart, clean energy infrastructure and can be engineered to support nu-
merous regional and climatic conditions.

For future research, reinforcement learning or unsupervised MPPT algorithm
development can be done to improve adaptability and performance even more
without overreliance on labeled data. Additionally, real-world field testing, inves-
tigating varied datasets, and model interpretability need to be explored to enable
robust, equitable, and scalable deployment.

19
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Appendix A

Python Code

import numpy as np

import matplotlib.pyplot as plt

import pandas as pd

from sklearn.neural_network import MLPRegressor

from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler

# --- PV Model ---

def pv_model(Ir, T, Isc=5.5, Voc=36):

V = np.linspace (0.1, Voc, 100)

I = Isc * (Ir / 1000) * (1 - (V / Voc)) * (1 - 0.004 =

(T - 25))
I[I < 0] = 0.001
P=V=x*1I

P[P < 0] =0
return V, I, P

# --- PO MPPT ---

def p_and_o(U_arr, I_arr):
P_arr = U_arr * I_arr
max_idx = np.argmax (P_arr)
Vmpp = U_arr[max_idx]

Vin = max(U_arr)

D_po =1 - (Vmpp / Vin)
return D_po, np.max(P_arr)

# --- Dataset ---
def generate_dataset ():
X, Y =[], [I

for T in range (20, 41, 5):
for Ir in range (300, 1100, 100):
for _ in range(3):
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dl = Ir * np.random.uniform(0.1, 0.5)
d2 = Ir * np.random.uniform(0.5, 0.9)
V, I, _ = pv_model(Ir, T)

mean_V, mean_I = np.mean(V), np.mean(I)
D_po, _ = p_and_o(V, I)

X.append ([T, Ir, d1, d2, mean_V, mean_I])
Y.append (D_po)
return np.array(X), np.array(Y)

# --- ML Model ---
def train_model():
X, Y = generate_dataset ()

scaler = StandardScaler ()
X_scaled = scaler.fit_transform(X)
model = MLPRegressor(hidden_layer_sizes=(12,), max_iter

=2000, random_state=42)
model.fit(X_scaled, Y)
return model, scaler

def predict_duty_ml(model, scaler, T, Ir, d1, d2, Vavg,

Tavg):
x = np.array ([[T, Ir, d1, d2, Vavg, Iavgl]l)
x_scaled = scaler.transform(x)

return model.predict(x_scaled) [0]

Listing A.1: Data generation and ML model

# --- Time Simulation ---

def simulate_over_time(model, scaler):
results = []

for t in range(0, 60, 5):

Ir = max (100, 1000 - 15 * t)

T =25 + 0.2 * t

dli = Ir * 0.3
d2 = Ir *x 0.6
V, I, P = pv_model(Ir, T)

mean_V, mean_I = np.mean(V), np.mean(I)

D_po, Pmpp = p_and_o(V, I)

D_ml = predict_duty_ml(model, scaler, T, Ir, d1, 42,
mean_V, mean_I)

D_ml = min(max(D_ml, 0), 1)

results.append ([t, Ir, T, d1, 42, D_po, D_ml, Pmppl)

return results

# --- MAIN ---
if __name == "__main

model, scaler = train_model ()
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Appendix A. Python Code

# Static Test

V_test, I_test, P_test = pv_model (900, 30)

mean_V, mean_I = np.mean(V_test), np.mean(I_test)

D_po, Pmpp = p_and_o(V_test, I_test)

D_ml = predict_duty_ml (model, scaler, 30, 900, 200,
300, mean_V, mean_I)

D_ml = min(max(D_ml, 0), 1)

print ("\n--- Static MPPT Duty Cycle Comparison ---")
print (£"P&0 Duty Cycle : {D_po:.4f}")

print (£"ML Duty Cycle : {D_ml:.4f3}")

print (f"Predicted MPP : {Pmpp:.2f} W")

Listing A.2: Time Simulation and Static Case Analysis

# --- Time Series Simulation ---
sim_data = simulate_over_time (model, scaler)
df = pd.DataFrame(sim_data, columns=[

’Time (min)’, ’Irradiance (W/m~2)’, ’Temperature (deg C
)7,

’diffIr1’, °diffIr2’, ’P&0 Duty’, ’ML Duty’, ’Predicted
MPP (W)’

D

print ("\n--- Simulation over Time ---")

print (df)

# --- Efficiency Analysis ---

eta_po = []

eta_ml = []

for t in range(len(df)):

Ir = df.loc[t, ’Irradiance (W/m~2)°]
T = df.loc[t, ’Temperature (deg C)’]
V, I, P = pv_model(Ir, T)

P_mpp = np.max(P)

idx_po = int(df.loc[t, ’P&0 Duty’] * (len(V)-1))
idx_ml = int(df.loc[t, ’ML Duty’] * (len(V)-1))
P_po = V[idx_po] * I[idx_po]

P_ml V[idx_ml] * I[idx_ml]

eta_po.append (100 * P_po / P_mpp)
eta_ml.append (100 * P_ml / P_mpp)

df [’P&0 Efficiency (%)’] = eta_po
df [’ML Efficiency (%)’] = eta_ml
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df [’Efficiency Gain (%)’] = df[’ML Efficiency (%)°’]1 -
df [’P&0 Efficiency (%) ’]

Listing A.3: Time Series Simulation and Efficiency Analysis

# --- Plot Duty Cycles ---

plt.figure ()

plt.plot(df[’Time (min)’], df[’P&0 Duty’], ’b-o’, label
=’P&0 Duty’)

plt.plot(df[’Time (min)’], df[’ML Duty’], ’g--0o’, label
=ML Duty?’)

plt.title (’MPPT Duty Cycles Over Time’)

plt.xlabel(’Time (min)?’)

plt.ylabel (’Duty Cycle’)

plt.grid(True)

plt.legend ()

plt.tight_layout ()

plt.show ()

# --- Plot MPP ---

plt.figure ()

plt.plot(df[’Time (min)’], df[’Predicted MPP (W)’], ’r-
o’, label=’Predicted MPP?’)

plt.title(’Predicted MPP Over Time’)

plt.xlabel(’Time (min)’)

plt.ylabel (’Power (W)?)

plt.grid(True)

plt.legend ()

plt.tight_layout ()

plt.show ()

# --- Shading Levels ---

plt.figure ()

plt.plot(df[’Time (min)’], df[’diffIr1°’], ’c-o’, label=
’Shading Level 17)

plt.plot(df[’Time (min)’], df[’diffIr2’], ’m--0’, label
=’Shading Level 27)

plt.title(’Partial Shading Over Time’)

plt.xlabel(’Time (min)?’)

plt.ylabel(’Irradiance (W/m~2)?)

plt.grid(True)

plt.legend ()

plt.tight_layout ()

plt.show ()

# --- Combined Duty vs Shading ---
fig, axl = plt.subplots()
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axl.set_xlabel (’Time (min)?)

axl.set_ylabel (’Duty Cycle?’)

axl.plot(df[’Time (min)’], df[’P&0 Duty’], ’b-o0o’, label
=7P&0 Duty’)

axl.plot(df[’Time (min)’], df[’ML Duty’], ’g--o’, label
=ML Duty’)

axl.set_ylim (0, 1)

ax2 = axl.twinx()

ax2.set_ylabel (’Shading (W/m~2)7)

ax2.plot(df[’Time (min)’], df[’diffIr2’], ’r-.~’, label
=’Shading Level 2’, alpha=0.6)

ax2.set_ylim (0, 1000)

linesl, labelsl = axl.get_legend_handles_labels ()

lines2, labels2 = ax2.get_legend_handles_labels ()

axl.legend(linesl + lines2, labelsl + labels2, loc=’
upper right?’)

plt.title(’Duty Cycle vs Shading’)
plt.grid (True)

plt.tight_layout ()

plt.show ()

# --- Efficiency Gain Plot ---

plt.figure ()

plt.plot(df[’Time (min)’], df[’P&0 Efficiency (%)’]1, ’b
-0’, label=’P&0 Efficiency?’)

plt.plot(df[’Time (min)’], df[’ML Efficiency (%)’], ’g
--0’, label= ML Efficiency?’)

plt.title (’MPPT Efficiency Comparison’)

plt.xlabel (’Time (min)’)

plt.ylabel (’Efficiency (%))

plt.grid (True)

plt.legend O)

plt.tight_layout ()

plt.show ()

plt.figure ()

plt.plot(df[’Time (min)’], df[’Efficiency Gain (%)’], °
m-o’, label=’ML Gain vs P&0?’)

plt.axhline (0, color=’gray’, linestyle=’--’)

plt.title(’Efficiency Gain of ML MPPT (QOver P&0’)

plt.xlabel (’Time (min)’)

plt.ylabel (’Efficiency Gain (%))

plt.grid (True)

plt.legend O
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plt.tight_layout ()
plt.show ()
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Listing A.4: Plotting MPPT and Efficiency Results
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