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ABSTRACT

The increasing demand for efficient and sustainable solar energy solutions has led to the
development of advanced tracking systems that enhance photovoltaic (PV) panel performance.
This study presents the Adaptive Solar Reflector (ASR) system, an intelligent, machine-
learning-based solar optimization system designed to improve solar energy capture by
dynamically adjusting the tilt and curvature of reflective mirrors. The ASR system integrates
an Adaptive Neuro-Fuzzy Inference System (ANFIS) for real-time decision-making and an
ESP32-based Internet of Things (IoT) module for remote monitoring and control. The system
was specifically designed and tested under Sri Lankan environmental conditions, where high
solar irradiance levels and variable wind speeds influence energy generation. The primary
objectives of this research included enhancing ASR performance, analysing cost-effectiveness,
implementing a real-time adaptive tracking mechanism, and ensuring structural durability while

maximizing solar efficiency.

The system was evaluated through experimental testing and comparative analysis against fixed
solar panels. Results indicated that the ASR system improved energy capture by 20-30% while
effectively adapting to environmental conditions, such as shading and wind disturbances. The
ANFIS model demonstrated high prediction accuracy, with Servo 2 and Servo 3 achieving
100% classification accuracy, while Servo 1 exhibited 80% accuracy, suggesting areas for
further refinement. The loT-based monitoring system achieved a 97% data transmission success
rate, enabling real-time remote control and performance analysis. Despite minor challenges,
including a 20% power reduction under strong wind conditions, the ASR system proved to be
a highly effective and scalable solution for solar power optimization. Future enhancements will
focus on advanced wind adaptation algorithms, deep-learning-based servo control
improvements, and large-scale field testing in diverse climatic regions. The findings from this
research contribute to the ongoing advancements in intelligent renewable energy systems,

paving the way for more efficient and adaptive solar energy solutions.
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CHAPTER 1 - INTRODUCTION

1.1. Overview

The global push for sustainable energy solutions has intensified due to the pressing challenges
of climate change and environmental degradation. Traditional energy sources such as coal,
diesel, and heavy fuel oil (HFO), which are still widely used in Sri Lanka, contribute
significantly to carbon emissions and environmental pollution (Islam et al., 2018). The
detrimental impact of these conventional energy sources calls for an urgent transition to
renewable alternatives that can support sustainable growth while minimizing environmental
harm. Among renewable energy sources, solar power stands out as a promising solution due to
its abundance, scalability, and potential to reduce reliance on fossil fuels (Abedini Najafabadi

& Ozalp, 2018).

However, the widespread adoption of solar energy faces several challenges. High initial
installation costs and significant space requirements are particularly problematic in densely
populated urban areas, where the feasibility of large-scale solar panel systems is limited
(Garcia-Segura et al., 2016). Additionally, the efficiency of standard solar panels is often
hindered by environmental factors such as shading, uneven sunlight distribution, and
fluctuating sunlight intensity. Studies have shown that even minor shading can substantially
reduce the energy output of solar systems, highlighting the need for innovative solutions that

improve efficiency while addressing spatial and economic barriers (Rao & Agrawal, 2020).

Adaptive Solar Reflectors (ASRs) have attracted attention as an innovative solution to improve
solar panel efficiency by dynamically redirecting sunlight onto photovoltaic (PV) panels,
thereby enhancing energy yield (AL-Rousan et al., 2020). These reflectors actively track the
sun’s trajectory to maximize sunlight capture throughout the day. Despite their promising
capabilities, ASR technology is still evolving, with key challenges around efficiency,
affordability, and real-world applicability remaining insufficiently addressed (Zhu, 2017). In
particular, the impact of environmental factors such as wind, which can significantly affect ASR
performance and durability has been largely overlooked, presenting a critical gap in current

research

This research seeks to explore how ASRs can be optimized for Sri Lanka's solar energy needs,
where high electricity costs and environmental concerns make solar power a crucial component

of the energy mix (“Electricity Bills in Sri Lanka,” PublicFinance.lk). By developing a novel



and cost-effective ASR system, this study aims to contribute to advancing solar energy solutions

that are more accessible and efficient for the broader population.
1.2. Motivation

Sri Lanka faces significant challenges in promoting sustainable energy adoption. Electricity
bills in Sri Lanka are among the highest in South Asia, creating a financial burden for many
households and businesses, which limits the adoption of renewable energy systems (“Electricity
Bills in Sri Lanka,” PublicFinance.lk). As a result, improving the efficiency and accessibility of

solar energy systems is a key goal of this research.

This study aims to address the barriers to solar adoption by optimizing ASR technology. The
primary research question that guides this study is: “How can adaptive solar reflectors be
optimized to enhance solar panel efficiency by dynamically responding to environmental
factors such as wind, especially in urban and resource-constrained contexts?” This question is

explored through the following sub questions,

I.  What are the current limitations of ASRs, and how can they be improved to provide

optimal sunlight concentration?

II. What are the current limitations of ASRs in adapting to environmental dynamics,
especially wind?
III. How can machine learning algorithms be used to create a real-time adaptive system for

tracking sunlight?

IV. How can ASRs be made cost-effective and scalable for widespread adoption, especially

in Sri Lanka’s unique conditions?

By answering these questions, this research aims to provide insights into the optimization of
ASRs for Sri Lankan applications, contributing to a more sustainable and cost-effective energy

future.
1.3. Statement of Problem

Despite the significant potential of ASRs to enhance solar panel efficiency, there are several
challenges associated with their implementation. These include high costs, spatial limitations,
and inefficiencies in redirecting sunlight across multiple solar panels (Abedini Najafabadi &
Ozalp, 2018). Moreover, existing ASR technologies lack effective adaptive mechanisms to
respond to real-time environmental changes like wind, which can cause uneven sunlight

distribution and damage the system. These limitations reduce ASR effectiveness and scalability.



This research proposes a novel ASR system that uses an Adaptive Neuro-Fuzzy Inference
System (ANFIS) to dynamically adjust reflector orientation in response to environmental
inputs, including wind, aiming to optimize solar energy capture while ensuring durability and

cost-efficiency tailored for Sri Lanka resources.
1.4. Research Aims and Objectives

The research aims to design and develop a cost-effective, adaptive solar reflector (ASR) system
that maximizes solar energy output by dynamically adjusting reflector orientations to optimize
sunlight concentration on photovoltaic (PV) panels in real time. This effort seeks to address

current ASR limitations related to environmental variability and operational efficiency.

1.4.1 Aim
To develop an optimized adaptive solar reflector (ASR) system capable of maximizing solar
energy production by dynamically adjusting the orientation of reflectors to ensure optimal

sunlight concentration on photovoltaic (PV) panels in real-time.

1.4.2 Objectives

e Optimize ASR Performance: Develop adaptive control techniques that enhance ASR
efficiency under diverse environmental conditions, such as shading and uneven sunlight
distribution.

e Cost-effectiveness Analysis: Assess the economic viability of ASR systems compared to
traditional fixed solar panels, factoring in installation costs and long-term savings.

e Real-time Adaptive System Development: Implement machine learning algorithms,
particularly Adaptive Neuro-Fuzzy Inference Systems (ANFIS), to enable real-time
adaptive tracking for optimal sunlight capture.

e Regional Customization: Adapt the ASR system design to Sri Lanka’s unique
geographical and climatic conditions to improve localized performance.

e Mirror Curvature Optimization: Study the effects of adjustable mirror curvature on
enhancing sunlight concentration efficiency on PV panels.

e Structural Integrity Analysis: Evaluate the balance between increased sunlight
concentration and the structural durability of panels and reflectors, especially under wind
stresses.

e Prototype Development: Design and build a proof-of-concept prototype implementing

the identified optimization strategies for practical validation.



1.5. Scope of the Study
The scope of the study as follows.

1.5.1. In Scope

This research will focus on the following aspects.

¢ ASR Optimization Techniques: Investigating strategies to improve the performance of
adaptive solar reflectors in maximizing sunlight concentration on photovoltaic panels.

e Cost-effectiveness Evaluation: Performing a cost-benefit analysis comparing ASR
systems with conventional fixed solar power setups.

¢ Environmental Impact: Evaluating the environmental advantages of ASRs, focusing
on increased energy efficiency and reduced carbon emissions.

e Practical Implementation: Assessing the feasibility of implementing ASR technology
in Sri Lanka, considering its geographic, climatic, and infrastructural context.

e Mirror Curvature Adjustment: Analyzing the role of dynamic mirror curvature in
enhancing solar energy capture.

e Regional Optimization: Studying how local environmental factors, such as weather

patterns and terrain, affect ASR efficiency and effectiveness.

1.5.2. Out of Scope

This study will not cover following:

e General Solar Panel Technology: Conventional fixed solar panel systems will not be
the focus.

e Non-Solar Energy Solutions: Other renewable energy sources, including wind and
hydroelectric power, are excluded.

¢ Global Environmental Impact: Although ASR benefits will be discussed, a detailed
global environmental assessment is not included.

e Manufacturing Processes: Production techniques and manufacturing details of ASR
components are not addressed.

e Legal and Policy Frameworks: Regulatory, legal, and policy considerations around
ASR deployment are outside this study’s scope.



1.6. Structure of the Thesis

The structure of this thesis is organized as follows.

e Chapter 1: Introduction — Provides the problem domain, motivation, research aims,
objectives, scope, and the structure of the thesis.

e Chapter 2: Literature Review — Reviews previous research on ASR systems, identifies
gaps in existing technologies, and discusses advancements in sunlight tracking and
concentration.

e Chapter 3: Methodology — Details the research design, including the methods used to
develop and test the ASR system.

e Chapter 4: Implementation — Describes the process of developing and implementing
the ASR prototype, along with challenges encountered during the process.

e Chapter 5: Evaluation — Evaluates the performance of the ASR prototype, presenting
results on energy output, cost savings, and sustainability.

e Chapter 6: Conclusion — Summarizes the research findings, discusses contributions,

limitations, and potential directions for future work.



CHAPTER 2 - LITERATURE REVIEW

This chapter provides a comprehensive review of recent advancements in solar energy systems,
with a focus on adaptive technologies designed to enhance energy capture and efficiency in
fluctuating environments. In tropical regions such as Sri Lanka, where sunlight intensity varies
and environmental stressors like wind are prevalent, optimizing both the energy efficiency and
structural resilience of solar systems is critical. While adaptive technologies such as ANFIS
and IoT-enabled monitoring address dynamic solar conditions, the impacts of wind loading
and structural durability remain underexplored in existing research, particularly within
the Sri Lankan context. As global interest in sustainable energy solutions increases,
optimizing solar power systems has become a central challenge, particularly in regions that
experience fluctuating environmental conditions. Among the most promising methods are
Adaptive Neuro-Fuzzy Inference Systems (ANFIS), machine learning algorithms,
Internet of Things (IoT)-enabled monitoring systems, and innovative reflector designs.
These technologies have played a critical role in addressing various challenges in solar energy
generation, especially in tropical regions such as Sri Lanka, where sunlight intensity and angles

are highly variable throughout the day.

The dynamics of solar energy systems in regions like Sri Lanka, where frequent cloud cover,
seasonal changes, and geographical factors influence sunlight availability, underscore the need
for adaptive technologies that can optimize solar panel efficiency in real time. Solar systems
that can adjust to these changing conditions are better equipped to maximize energy yield,
making them more sustainable and economically viable for widespread adoption. This chapter
examines how the integration of adaptive systems, such as ANFIS, machine learning
algorithms, and IoT-based monitoring systems, can enhance the performance of solar energy
systems. Furthermore, the evolving design of solar reflectors key components that amplify the
amount of sunlight captured by photovoltaic panels will also be explored, particularly in terms

of geometric optimization, durability, and cost-effectiveness.

By reviewing the state-of-the-art technologies and research trends in solar energy systems, this
chapter seeks to identify gaps and opportunities for further development. Understanding the
performance of these advanced technologies and their potential for integration in solar systems

is vital for enhancing the sustainability of solar energy solutions.



2.1. Adaptive Solar Tracking Using ANFIS

Adaptive Neuro-Fuzzy Inference Systems (ANFIS) have emerged as a powerful and versatile
solution for solar tracking, combining the strengths of neural networks and fuzzy logic to
create an intelligent, adaptive control system. ANFIS's ability to learn from data while adapting
to environmental changes makes it particularly suitable for optimizing solar energy systems in
regions with fluctuating sunlight conditions. Through the dynamic adjustment of solar panel
orientation, ANFIS-based systems ensure maximum energy capture, even under unpredictable

or variable light conditions.

The robustness of ANFIS in solar tracking has been demonstrated in several studies. However,
most research focuses on solar irradiance variability and does not consider the influence
of environmental loads, such as wind, on system stability and tracking accuracy. Given Sri
Lanka’s exposure to monsoonal winds and tropical storms, integrating wind load
considerations into ANFIS-based tracking is essential for designing resilient and reliable
adaptive solar reflector (ASR) systems (Jayasinghe, 2022). For instance, AL-Rousan et al.
(2020) developed an ANFIS model tailored for dual axis tracking systems, using Gaussian
membership functions to predict the optimal tilt and orientation of solar panels. These
membership functions processed environmental inputs such as sunlight intensity, ambient
temperature, and time of day, converting them into actionable outputs for panel adjustments.
The model demonstrated a 45% increase in energy capture compared to static panel systems.
This notable improvement highlights the efficiency of dual axis tracking systems, which
dynamically adjust both the azimuth and elevation of solar panels to follow the sun’s
movement throughout the day. The findings underscore the advantages of ANFIS based
systems, especially in regions like Sri Lanka, where the sunlight intensity and angle vary

throughout the day and across seasons.

A similar study by Hijawi and Arafeh (2016) further supports the efficacy of ANFIS for solar
tracking. They designed a fuzzy inference-based dual-axis solar tracker that dynamically
adjusted panel angles to optimize sunlight exposure. Their system achieved an energy gain of
22% compared to static panels, providing strong evidence that dual axis tracking significantly
enhances energy output. The comparative analysis conducted by Hijawi and Arafeh revealed
that dual-axis systems outperform single-axis trackers, which are limited by their inability to
follow the sun's movement in both vertical and horizontal planes. In contrast, dual axis systems
equipped with ANFIS can optimize solar panel orientation more precisely, ensuring greater

energy efficiency even under suboptimal sunlight conditions.



Table 1 below summarizes the energy gains reported by AL-Rousan et al. and Hijawi and
Arafeh, demonstrating the superior performance of dual-axis ANFIS tracking systems over
traditional fixed or single axis configurations. These results highlight the importance of
adaptive frameworks like ANFIS for overcoming the challenges posed by fluctuating sunlight,

particularly in tropical regions where environmental conditions are more variable.

Table 1: Energy Capture Comparison Between ANFIS and Static Tracking Systems

Tracking System Energy Capture Increase (%)
Static Panels 0

Single-Axis ANFIS 22

Dual-Axis ANFIS 45

This section emphasizes that adaptive solar tracking systems based on ANFIS not only improve
energy capture but also provide an efficient solution for solar systems in environments with
high sunlight variability. By combining data driven decision-making with dynamic
adjustments, ANFIS based systems represent a promising pathway to making solar energy more

reliable and efficient in diverse geographical regions.

2.1.1 ANFIS Architecture and Functional Layers

The architecture of Adaptive Neuro-Fuzzy Inference Systems (ANFIS) consists of several
functional layers that work together to process and adapt to dynamic environmental conditions.
These layers enable the system to convert real-time input data into actionable outputs,
optimizing solar panel performance in fluctuating sunlight conditions. The conceptual
architecture of ANFIS is depicted in Figure 1, which illustrates the interconnections between

the layers and their respective functions.
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Figure 1: ANFIS architecture with processing layers for adaptive dual-axis tracking (AL-Rousan et al., 2020).



The primary layers in the ANFIS architecture are as follows.

e Fuzzification Layer: The first layer is responsible for converting crisp
environmental inputs (c.g. sunlight angle, intensity, time of day) into fuzzy
linguistic variables. In this layer, crisp values are mapped into fuzzy sets using
membership functions, which allow for the representation of uncertain or imprecise
data. This process is essential for handling the variability in sunlight conditions,
which can fluctuate throughout the day.

o Inference Layer: The second layer applies fuzzy logic rules to evaluate the
relationships between the fuzzy inputs and the desired outputs (e.g., optimal solar
panel tilt). The inference mechanism involves the use of a rule base that defines the
mapping between the fuzzy inputs and outputs based on predefined rules. These
rules are typically structured in the form of if-then statements. For instance, a rule
might state, "if sunlight intensity is high and angle is optimal, then the tilt angle
should be minimal."

e Defuzzification Layer: The third layer transforms the fuzzy outputs generated in
the inference layer into crisp actionable values. These values correspond to specific
control outputs, such as the optimal tilt angle of the solar panels. The
defuzzification process provides precise control signals that can be used to adjust

the orientation of the solar panels, ensuring optimal alignment with the sun.

This layered structure enables real-time adaptability, which is crucial for optimizing solar
energy capture under changing environmental conditions. By continuously adjusting to
fluctuations in sunlight intensity and direction, ANFIS based systems ensure that solar panels

remain positioned for maximum energy absorption.
A fundamental equation used for fuzzification in ANFIS is given by:
0i = ui(x;)
where O;; represents the fuzzy output for an input x; with membership function y; .

This equation allows ANFIS to dynamically adjust to changes in sunlight conditions, ensuring
the solar system’s efficiency remains optimized in real time. By adjusting panel angles
according to variations in light intensity and direction, ANFIS effectively enhances the overall

performance of solar tracking systems (AL-Rousan et al., 2020).



2.1.2 Performance Comparison and Energy Gains

The performance of solar tracking systems is heavily influenced by their ability to adjust to
fluctuating environmental conditions, such as changes in sunlight intensity and angle. In this
context, dual axis tracking systems, particularly those based on Adaptive Neuro-Fuzzy
Inference Systems (ANFIS), have shown a marked improvement in energy capture compared
to traditional fixed or single axis systems. Table 2 presents a comparison of energy gains
between the systems implemented by AL-Rousan et al. (2020) and Hijawi and Arafeh (2016),

providing valuable insights into the effectiveness of adaptive tracking.

Both studies demonstrated that dual-axis systems, which allow the solar panels to adjust both
in the azimuthal (horizontal) and elevation (vertical) axes, offer substantial performance
benefits over single-axis trackers. These adaptive systems can optimize energy output by
maintaining the solar panel's alignment with the sun throughout the day, compensating for the
dynamic nature of sunlight. AL-Rousan et al. (2020) reported a 45% increase in energy capture
using a dual-axis ANFIS-based tracking system compared to static systems, while Hijawi and

Arafeh (2016) achieved a 22% gain using a fuzzy logic-based dual-axis system.

The results from these studies underscore the superior performance of dual-axis systems in
environments with fluctuating sunlight, such as those experienced in tropical regions like Sri
Lanka. The ability of dual-axis systems to track the sun more precisely throughout the day
ensures that the panels are always oriented for maximum energy absorption, leading to

significant energy gains.

Moreover, these performance gains are critical in resource-constrained settings, where
optimizing energy capture is essential to make solar energy a viable and sustainable solution.
As shown in Table 2, dual-axis systems consistently outperform single-axis systems, with
energy gains reaching up to 45% in some cases, making them a compelling choice for regions

with high sunlight variability.

Table 2: Dual Axis Comparison

Study Tracking System Energy Capture Increase (%)
AL-Rousan et al. (2020) Dual-Axis ANFIS 45
Hijawi and Arafeh (2016) Dual-Axis Fuzzy Inference | 22
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The results emphasize that integrating adaptive systems, such as ANFIS-based dual-axis
trackers, is a promising direction for enhancing solar panel performance. This approach offers
a significant improvement in energy capture efficiency, particularly in areas where sunlight

conditions fluctuate throughout the day (AL-Rousan et al., 2020; Hijawi and Arafeh, 2016).
2.1.3 Emerging Trends in ANFIS Applications

Recent advancements in Adaptive Neuro-Fuzzy Inference Systems (ANFIS) have
significantly enhanced their applicability in solar tracking systems, particularly with the
integration of cutting-edge technologies such as the Internet of Things (IoT) and machine
learning (ML) algorithms. These developments have paved the way for more intelligent,
adaptive solar tracking systems capable of responding dynamically to environmental variations,

thereby optimizing energy capture even in complex or fluctuating conditions.

One of the key innovations in ANFIS applications is the integration of loT-based real-time
data collection. loT-enabled sensors provide continuous environmental data, such as sunlight
intensity, angle of incidence, and temperature. This data can then be processed by the ANFIS
controller to adjust the solar panel's orientation instantaneously, ensuring that the system
responds optimally to changes in real-time. This development not only enhances tracking
accuracy but also improves overall system reliability by enabling continuous monitoring and
automatic adjustments. Recent studies have demonstrated that the fusion of IoT with ANFIS
results in significantly improved tracking precision, which is especially beneficial for solar
systems operating in regions with unpredictable or rapidly changing sunlight, such as tropical

climates.

Moreover, the integration of machine learning (ML) with ANFIS frameworks has led to
enhanced predictive capabilities and faster response times. Machine learning algorithms,
such as deep learning and reinforcement learning, have been used to train ANFIS systems to
predict the optimal panel orientation based on historical environmental data, further improving
the system's ability to learn and adapt to subtle environmental changes. For instance,
supervised learning techniques can be employed to refine the membership functions used in
ANFIS, improving the system's ability to predict the optimal tilt angles of solar panels with
greater precision. These enhancements have led to improved prediction accuracy, enabling

better energy capture and greater efficiency in solar systems.

Furthermore, the application of multi-objective optimization in ANFIS has emerged as a
promising trend. Multi-objective optimization involves simultaneously optimizing several

parameters, such as solar energy yield, system cost, and operational efficiency. Recent
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research has shown that coupling ANFIS with optimization algorithms, such as genetic
algorithms (GA) or particle swarm optimization (PSO), allows solar tracking systems to
balance these often-conflicting objectives, leading to more efficient, cost-effective, and

sustainable solar energy systems.

As the field of ANFIS-based solar tracking continues to evolve, these emerging trends are
expected to push the boundaries of solar energy optimization further. The ability to integrate
real-time environmental monitoring, machine learning, and multi-objective optimization will
enable the development of highly adaptive, intelligent solar systems that can achieve higher
efficiency levels, lower costs, and a broader range of applications in different geographical

settings.

2.2. Machine Learning for Reflector Optimization in PV Systems

Machine learning techniques, including supervised and reinforcement learning, have
substantially advanced the optimization of reflector configurations in PV systems. These
approaches enable real-time adaptation to changing solar angles and intensities. Nevertheless,
few studies explicitly incorporate environmental mechanical stresses such as wind-
induced vibrations or structural loads into ML driven reflector optimization. In tropical
climates like Sri Lanka’s, where high wind speeds and gusts are common, considering these
structural factors is critical to ensuring long-term system performance and durability
(Perera & Fernando, 2021). By applying ML techniques, such as reinforcement learning and
supervised learning, solar energy systems can adapt in real-time to environmental changes,
ensuring that reflector panels continually direct sunlight towards the photovoltaic (PV) cells at

the most optimal angles.

Mansoor et al. (2020) demonstrated the application of machine learning algorithms in
controlling the angles of reflectors in PV systems (see Figure 2 and Figure 3). By using a
supervised learning model that took environmental factors such as sunlight intensity and
solar elevation angle as inputs, they achieved an impressive 30% increase in energy capture
compared to traditional static reflector configurations. Their study also incorporated an
economic analysis, which revealed that machine learning-optimized reflector systems offered
shorter payback periods, and a higher Internal Rate of Return (IRR) compared to
conventional setups. This was particularly significant in regions with high electricity costs,

where optimizing energy production and reducing costs are critical.

12



Figure 2: Variation of declination angle
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Figure 3: Variation of elevation angle at solar noon.

In a similar study, Choi et al. (2019) introduced a novel curved reflector design, further
demonstrating the potential of machine learning in reflector optimization. The curved design
enhanced the ability to concentrate sunlight onto PV panels, increasing energy capture by 61%
over systems that lacked any reflective surfaces. One of the key advantages of this design was
its seasonal adaptability; the reflector adjusted its curvature based on the solar position,
ensuring that light was redirected effectively throughout the year. Additionally, the curved

reflectors were found to significantly mitigate shading losses, particularly during times when
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the sun’s angle was less favourable, a common issue with traditional flat reflector designs (see

Figure 4).

Figure 4 shows the performance comparison of the curved reflector design versus
conventional fixed or flat reflectors, highlighting the energy gain and shading mitigation over
the course of a year. The results demonstrate how the adjustable curvature ensures optimal
sunlight redirection, even during low-angle sun periods, thus preventing energy losses typical

of static designs.
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Figure 4: Perspectives of solar panel arrangements according to the inter-panel distance and elevation angle of the
sun: (a) no reflector without shadows in winter, (b) no reflector without shadows in summer, (c) plane-type reflector
with a loss of sunlight in summer

These studies highlight the effectiveness of using machine learning to optimize reflector
configurations, with significant improvements in energy efficiency and cost-effectiveness.
Reflector systems that can adjust to environmental variables in real-time not only optimize
sunlight capture but also address issues like shading and suboptimal panel alignment, which

can severely reduce energy output in conventional static PV systems.

The use of machine learning for reflector optimization represents a significant leap forward in
the development of smart solar systems. Future research in this area is likely to focus on
improving data-driven models to account for more complex environmental factors such as
cloud cover, wind speed, and temperature fluctuations. By continuously updating reflector
settings in real-time based on such data, these systems can further enhance their energy yield,

contributing to the growth of sustainable solar energy solutions.
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2.2.1 Geometric Optimization for Reflector Angles

Geometric optimization of reflector angles is a fundamental aspect of maximizing solar energy
capture in photovoltaic (PV) systems. The angle of the reflector determines how effectively
sunlight is redirected onto the surface of the solar panels. This adjustment can be optimized by
using geometric principles that take into account the sun's position and the distance between

the reflector and the panel.

The optimal reflector angle, derived from geometric principles, is calculated as,

0, = arctan (%)

Where,

Hg : Height of the sun.
H,.: Height of the reflector.

d: Horizontal distance between the sun and the reflector.

This equation ensures that the reflector angle is adjusted based on the sun's height and the
relative positioning of the reflector to the panel. By calculating the optimal angle, the system

can achieve efficient redirection of sunlight to maximize energy capture.

For example, when the sun is at a higher position in the sky (e.g., during midday), the optimal
reflector angle will be smaller, as the sunlight falls more directly on the panel. Conversely,
during early morning or late afternoon when the sun is lower on the horizon, the reflector angle
will need to be larger to direct the sunlight effectively. This dynamic adjustment allows solar
energy systems to harness sunlight at various times of the day, especially in locations where

sunlight intensity and direction fluctuate significantly throughout the year.

In the studies by Choi et al. (2019) and Mansoor et al. (2020), this geometric principle was
incorporated into the design of reflective systems. Their research showed that, when coupled
with machine learning algorithms, geometric optimization could further enhance energy capture
efficiency by allowing real-time adjustments to the reflector angle. For instance, Choi et al.
(2019) found that optimized reflector angles improved energy capture by 61%, demonstrating

the impact of precise geometric alignment on system performance.
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Additionally, the use of this optimization method is not limited to a single axis tracking system.
It can be applied to both single-axis and dual-axis tracking systems, providing flexibility in
how the system adjusts for maximum efficiency based on the angle of incidence of sunlight.
The integration of geometric optimization into solar tracking systems can significantly
improve energy yield, particularly in geographically diverse regions like Sri Lanka, where

seasonal and diurnal variations in sunlight are considerable.

By continuously optimizing the reflector angle, the system adapts to changing environmental
conditions, maintaining the best possible sunlight exposure for the PV panels. This dynamic
adjustment leads to a more efficient use of resources, reduces shading losses, and contributes

to the long-term sustainability of solar energy systems.

2.2.2 Advancements in Secondary Reflector Optimization

Secondary reflectors play a crucial role in optimizing the efficiency of solar thermal and
photovoltaic systems, particularly in systems that rely on linear concentrators, such as Linear
Fresnel Collectors (LFCs). These reflectors enhance the light redirection process, ensuring
more concentrated sunlight reaches the absorber surface, ultimately increasing the energy

conversion efficiency.

A significant advancement in secondary reflector optimization was introduced by Zhu (2017),
who developed an adaptive secondary reflector model for Linear Fresnel Collectors. The model
achieved over 90% energy redirection to the absorber by fine-tuning the reflector geometry
and adjusting the incidence angles based on real-time environmental factors. This optimization
process involved dynamic adjustments, allowing the system to continuously adapt to variations
in sunlight intensity and direction. The result was a substantial reduction in energy losses, which

are typically caused by inefficient light redirection and shading effects in conventional systems.

The adaptive secondary reflector model designed by Zhu addressed several critical challenges

in solar thermal and photovoltaic systems.

[.  Uneven Sunlight Distribution: In traditional systems, the sunlight is not uniformly
distributed across the absorber surface, which results in areas of low energy capture.
Zhu's optimization method mitigated this issue by precisely adjusting the reflector
angles to ensure that sunlight was more evenly spread over the absorber, maximizing
energy absorption across its entire surface.

II. Improved Light Redirection: By optimizing the geometry of the secondary reflectors,

Zhu enhanced their ability to concentrate and redirect sunlight onto the absorber. This
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improvement reduced the need for complex, large-scale mirror arrays and offered a
more efficient solution for maximizing the use of available sunlight.

III. Reduced Energy Losses: Traditional solar concentrator systems often suffer from
energy losses due to misalignment between the reflectors and the absorber. Zhu’s
approach minimized these losses by using adaptive reflector geometries that could
dynamically adjust to fluctuations in solar position and environmental conditions. As a

result, the system maintained high efficiency even during periods of low solar intensity

or variable sun angles.
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Figure 5 : Adaptive optimization of a secondary-reflector surface

17



Figure 5 illustrates the optimized secondary reflector design, highlighting the enhanced energy
redirection capabilities achieved through this adaptive model. As shown, the optimized
geometry ensures that sunlight is efficiently redirected towards the absorber, minimizing losses

and improving overall system performance.

Moreover, Zhu’s work laid the foundation for the integration of smart adaptive systems in
solar concentrator technologies, which can be further enhanced by incorporating machine
learning algorithms to predict the most optimal reflector configurations based on real-time

environmental data.

In addition to Zhu’s contributions, recent studies have continued to explore the potential of
secondary reflectors in improving the performance of solar energy systems. For instance,
Hussain et al. (2020) expanded on this idea by incorporating multi-parameter optimization
models, integrating both geometric and optical properties of the reflectors to further enhance
the energy redirection process. This kind of optimization is particularly useful in reducing
energy losses caused by imperfect light redirection and is becoming a key focus in the

development of next generation concentrating solar power (CSP) technologies.

By improving secondary reflector designs, researchers are unlocking higher efficiencies in
solar thermal and PV systems, paving the way for more reliable and cost-effective solar energy

solutions in the future.
2.2.3 Comparison of Reflector Configurations

The performance of solar reflectors, a critical component in concentrating solar systems, varies
significantly depending on their design and optimization techniques. Reflector configurations
play a vital role in enhancing the overall energy capture efficiency of photovoltaic (PV) systems
by redirecting sunlight onto the panels. These configurations are typically classified into static,
machine learning-optimized, and curved reflector systems, each of which offers distinct
advantages and challenges. A comparison of these reflector types in terms of energy gain,

economic performance, and payback periods is presented in ~ Table 3.
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Table 3 : Reflector Performance Comparison

) Payback Period | Internal Rate of
Reflector Type Energy Gain (%)
(Years) Return (IRR, %)
Static Reflectors 0 10 12
Machine Learning-Optimized 30 7 18
Curved Reflectors 61 6 20
I. Static Reflectors

I1.

Static reflectors, although simple in design, suffer from limitations in tracking and
adjusting to the sun's varying position throughout the day. These systems generally
provide minimal energy gain, as they do not adjust to the changing sunlight intensity
and angle, which results in inefficient light redirection. As a result, static reflectors
do not offer significant performance improvements over non-reflective panels.
Energy gain in static reflector systems is essentially 0%, and the payback period
tends to be longer, typically around 10 years. Furthermore, static reflectors provide

a modest internal rate of return (IRR) of 12%.

Machine Learning-Optimized Reflectors

Machine learning-optimized reflectors represent a significant improvement over
static system. These systems utilize data-driven algorithms to optimize the reflector
angles dynamically, considering various environmental factors such as sunlight
intensity, temperature, and geographical location. By leveraging machine learning,
these reflectors adjust continuously to ensure the most efficient redirection of
sunlight onto the PV panels. The incorporation of predictive models enhances the
system's ability to maximize energy capture, resulting in an energy gain of 30%
compared to static systems. The payback period for machine learning-optimized
systems is reduced to around 7 years, and the IRR increases to 18%, reflecting the

financial advantages of incorporating adaptive technology in solar setups.

II1.Curved Reflectors

Curved reflectors are one of the most advanced reflector designs in terms of energy
capture efficiency. These reflectors feature a curved surface that allows for better

redirection of sunlight onto the PV panels, particularly in locations with varying
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sunlight angles throughout the day. As shown in the comparison table, curved
reflectors deliver an energy gain of 61%, which is a remarkable improvement over
both static and machine learning-optimized configurations. The highly efficient
energy redirection facilitated by curved reflectors contributes to a significantly
reduced payback period of only 6 years, with an even higher IRR of 20%. This
makes curved reflectors a highly attractive option for solar energy systems,

particularly in regions with high solar irradiance and frequent seasonal changes.
Economic and Performance Implications

The comparison of these reflector configurations reveals that while static reflectors are the
most basic and cost-effective option, they provide minimal returns in terms of energy efficiency.
On the other hand, machine learning-optimized reflectors offer a significant increase in
energy gain and a shorter payback period, making them a more viable option for commercial
and residential PV systems that aim to maximize returns. The curved reflector systems, while
more advanced, offer the highest energy gain and IRR, but their installation and maintenance
costs may be higher. Therefore, the choice of reflector configuration depends on a combination
of factors, including economic feasibility, location-specific solar irradiance, and system

goals.

In conclusion, integrating advanced reflector designs and optimization techniques, such as
machine learning algorithms and curved reflector geometries, can greatly enhance the
energy output and financial viability of solar energy systems. Future research and development
should focus on reducing the cost of these technologies while improving their scalability for

widespread adoption in both residential and commercial applications.

2.3. IoT-Based Real-Time Monitoring and Control Systems

The integration of Internet of Things (IoT) technologies has greatly improved the efficiency
of solar tracking systems by enabling real-time monitoring and adaptive control. [oT systems
utilize sensors, controllers, and communication networks to gather data on environmental
conditions, allowing solar panels to adjust their orientation to optimize energy capture, even in

fluctuating sunlight conditions.

Jumaat et al. (2020) developed an loT-based dual-axis solar tracking system using Light
Dependent Resistors (LDRs) to measure sunlight intensity and adjust panel angles
accordingly. The system uses Arduino microcontrollers to process the data from the LDRs

and automatically adjust the panel orientation for optimal performance, as shown in Figure 6.
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This setup provides efficient solar tracking, even in remote areas like Sri Lanka, where real-

time monitoring can significantly improve energy output from solar systems.

By integrating 10T, solar systems benefit from remote monitoring, predictive maintenance,
and the ability to adjust to dynamic environmental conditions, ultimately leading to enhanced
performance and cost-effectiveness. This technology is particularly advantageous for off-grid
solar installations, allowing operators to monitor system performance without the need for

frequent site visits.

Front view Isometric view Top view

i'$

Figure 6 : loT-Based Dual-Axis Tracking System with LDRs

2.3.1 Closed-Loop vs. Open-Loop Systems

IoT integration improves the accuracy and responsiveness of solar tracking systems. Fuentes-
Morales et al. (2020) compared closed-loop and open-loop control systems, concluding that
closed-loop IoT systems such as the one developed by Jumaat et al. (2020) outperform open-
loop systems in terms of stability and accuracy. In closed-loop systems, real-time feedback is
used to continually adjust panel orientations, ensuring that the panels remain aligned with the

sun even under fluctuating environmental conditions.

In contrast, open-loop systems rely on pre-programmed adjustments without real-time

feedback, making them less effective in regions with unpredictable weather or rapidly changing

21



sunlight angles. As such, closed-loop systems are particularly advantageous for areas with high

variability in sunlight, offering better long-term energy efficiency and reliability.

2.3.2 Advantages of IoT Integration

The integration of the Internet of Things (IoT) in solar tracking systems offers a wide array

of advantages that contribute to enhanced performance and sustainability:

e Energy Savings: [oT systems allow for continuous real-time adjustments, minimizing
energy loss caused by misalignment of solar panels.

e Operational Efficiency: By constantly monitoring environmental conditions and system
performance, loT ensures that panels are always aligned for optimal energy capture, leading
to increased efficiency.

e Predictive Maintenance: IoT systems collect detailed data on panel health and
environmental factors, enabling proactive maintenance. This reduces system downtime and
extends the operational life of solar panels by addressing issues before they cause significant

failures.

Table 2.4 compares the performance of traditional non-IoT systems with IoT-enabled systems,

showing the substantial improvements in energy efficiency, operational savings, and reliability.

Table 4 : Comparison of IoT-Based and Non-IoT Solar Tracking Systems

Feature Non-IoT Systems IoT-Based Systems
Energy Loss Reduction (%) 0 15
Operational Cost Savings (%) 0 20
Predictive Maintenance Capability No Yes
Real-Time Monitoring No Yes
Adaptability to Weather Changes Low High
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2.4. Reflector Durability and Performance in Solar Systems

Reflector materials significantly influence the efficiency and longevity of solar systems,
particularly in environments subjected to harsh weather and dynamic wind loads. Material
selection must balance optical reflectance with resistance to wind induced fatigue, erosion,
and mechanical stresses. Recent investigations in Sri Lanka highlight the necessity of
designing reflectors capable of withstanding local climatic conditions, including high wind
speeds during monsoon seasons, to maintain reflectance and structural integrity over extended
periods (Jayasinghe, 2022; Perera & Fernando, 2021). The selection of an appropriate reflector
material is essential for balancing performance, durability, and cost-effectiveness. Common
reflector materials include glass, aluminium, and silvered polymers, each offering distinct trade-
offs in terms of their durability and reflectance retention. These materials must be selected

carefully to ensure consistent energy capture over extended periods of time.

2.4.1 Durability and Reflectance Retention

The durability and reflectance retention of reflector materials are crucial for ensuring the long-
term efficiency of solar systems. Garcia-Segura et al. (2016) conducted an extensive analysis
of different reflector materials under accelerated weathering conditions, assessing their
resistance to UV radiation, humidity, and temperature fluctuations. Their study revealed that
glass reflectors outperformed all other materials, maintaining 90% reflectance over a 25-year
lifespan. Despite their excellent durability, glass reflectors' brittleness and high initial cost may

limit their application in some settings.

In contrast, aluminium reflectors, while less durable than glass, offer significant cost-
efficiency. These reflectors retained approximately 80% reflectance over 15 years, making
them a viable option for mid-range applications where cost is a primary consideration. Their
lightweight nature and ease of installation further enhance their attractiveness in solar
installations. On the other hand, silvered polymers, often used in low-cost solar installations,
displayed rapid degradation. These reflectors showed a significant drop in reflectance, falling
below 75% within just 10 years of operation, which limits their suitability for long-term

deployments.

The durability and reflectance retention of reflectors are important factors to consider when
designing solar systems for regions with high levels of UV radiation and fluctuating

environmental conditions, as they directly impact system efficiency and longevity.
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2.4.2 Shading Loss Mitigation

Shading is a common issue in solar energy systems, particularly in areas with partial shading
due to nearby trees, buildings, or other obstructions. Reflectors are crucial in mitigating
shading-related energy losses by redirecting light to the shaded sections of photovoltaic (PV)
panels. Rao and Agrawal (2020) investigated the effectiveness of aluminium reflectors in
redirecting scattered sunlight onto shaded portions of PV panels, demonstrating a reduction in
shading-related energy losses. The study indicated that aluminium reflectors are particularly
effective in urban environments or dense solar farms, where partial shading can significantly

decrease energy output.

The study's findings emphasized that the lightweight nature of aluminium and its adjustability
allow for flexible installation in a variety of settings, making it an excellent solution for
enhancing performance in areas prone to shading. While specific performance data on shading
loss mitigation were not provided in detail, the overall effectiveness of aluminium reflectors in

improving energy capture under partial shading conditions was clearly demonstrated.

Reflector technologies that mitigate shading loss play a key role in optimizing solar energy
generation, especially in complex environments where shading cannot be completely avoided.
Their ability to redirect light efficiently ensures that the impact of shading on system

performance is minimized.

2.4.3 Emerging Trends in Reflector Technologies

Recent advancements in reflector technologies have significantly enhanced both the durability
and performance of solar systems. Innovations in material design, protective coatings, and
dynamic adjustments are transforming how reflectors contribute to optimizing energy capture

in solar applications. Below are some of the latest developments in reflector technology.

e Coated Glass Reflectors: Protective coatings applied to glass reflectors have
demonstrated substantial improvements in their resistance to environmental factors such
as abrasion, UV radiation, and weathering. These coatings help prolong the lifespan of
glass reflectors while maintaining their high reflectance. Research indicates that the
application of specialized coatings can extend the service life of glass reflectors by up
to 30% without a significant decline in their reflectance efficiency (Garcia-Segura et
al., 2016). This is crucial for maintaining high energy output over long periods,
particularly in harsh environmental conditions.

e Hybrid Reflectors: The combination of glass and polymer layers in hybrid reflectors

1s emerging as a promising solution for improving both cost-efficiency and durability.
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The polymer layer provides lightweight properties, while the glass layer maintains
high reflectance and durability. Hybrid reflectors are designed to deliver a balance
between cost and performance, making them an attractive option for large-scale solar
installations that need to optimize both financial investment and system longevity. These
systems are particularly effective in regions with moderate weathering conditions where
the need for long-lasting performance is still critical, but cost constraints are more
significant.

e Dynamic Reflector Systems: The integration of machine learning (ML) and the
Internet of Things (IoT) into dynamic reflector systems allows for real-time
adjustment of reflector angles based on environmental conditions. These systems
continually assess sunlight intensity, angle, and other weather parameters to optimize
the orientation of reflectors for maximum energy capture. By leveraging real-time data
from IoT-enabled sensors, these systems can respond to dynamic conditions such as
cloud cover, time of day, or seasonal changes, ensuring consistent performance even
under rapidly changing environments. Recent studies have shown that such dynamic
systems can lead to energy gains of up to 25-30% compared to static reflector
configurations (Jumaat et al., 2020). This innovation is particularly beneficial for
tropical regions like Sri Lanka, where frequent weather changes necessitate adaptive

systems for optimal energy generation.

Reflector Material Comparison

Combining these advancements, aluminium reflectors continue to emerge as a highly versatile
and cost-effective material, particularly suitable for regions prone to shading or areas with a
strong emphasis on cost-efficiency. However, to maintain optimal reflectance and performance,
regular maintenance is crucial, as aluminium’s reflectance efficiency can degrade over time.
The following table compares the key properties of various reflector materials, emphasizing

their durability, reflectance efficiency, and shading loss mitigation.
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Table 5 : Reflector Material Comparison

Mitigation of
Durability Reflectance Cost
Material Shading
(Years) Retention (%) Efficiency
Losses
Glass 25 90 Moderate Moderate
Aluminium 15 80 High High
Silvered ‘
10 75 Very High Low
Polymer

Table 5 highlights the key trade-offs between different materials. Glass remains the most
durable option, with 90% reflectance retention over a 25-year lifespan, but its higher cost
and brittleness make it less suited for some applications. Aluminium offers a cost-effective
solution, with 80% reflectance retention over 15 years, while silvered polymers, though very

cost-effective, exhibit rapid degradation, making them unsuitable for long-term installations.

Overall, the advancements in reflector technologies and materials are steadily improving solar
system performance, particularly in environments with high energy demands and variable
weather conditions. For regions like Sri Lanka, where shading mitigation and cost efficiency
are paramount, aluminium reflectors equipped with dynamic adjustment systems represent

an ideal solution.

2.4.4 Additional Notes on Performance Trends

Although the original studies lack specific figures or charts detailing shading loss mitigation or
the degradation of reflectance over time, several general trends in reflector performance can

be inferred based on the findings from previous sections and related research.

e Glass Reflectors: Glass remains the ideal choice for large-scale solar installations
that require long-term stability and high reflectance retention. With a lifespan of
over 25 years and 90% reflectance retention, glass reflectors are particularly well-
suited for regions where high durability and minimal maintenance are critical.
However, the primary limitation of glass reflectors is their cost and brittleness, which
may render them unsuitable for cost-sensitive applications or projects with
significant risk of mechanical impact. For high-investment projects likely utility-

scale solar farms, glass reflectors are often preferred for longevity and performance.
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Key Considerations:
o High initial cost
o Excellent longevity and performance

o Ideal for long-term installations with minimal need for replacements

Aluminium Reflectors: Aluminium reflectors are highly versatile and cost-effective,
making them an excellent choice for both rural and urban applications. They
perform well under variable shading conditions, and their lightweight nature and
adjustability make them easier to install and maintain. While aluminium reflects 80%
of incident light over 15 years, it still offers significant energy savings, particularly
when shading loss mitigation is a priority. In environments where shading is common
(e.g., urban rooftops or densely packed solar farms), aluminium reflectors are often
preferred for their low cost and ease of maintenance. However, their reflectance does
degrade over time, and they typically require more frequent cleaning and adjustment

than glass.

Key Considerations:
o Cost-effective and suitable for budget-conscious projects
o Good performance in shaded environments

o Regular maintenance needed to retain optimal performance

Silvered Polymer Reflectors: Silvered polymer reflectors are primarily used in
temporary setups or for low-cost installations where budget constraints are
significant. Though their initial cost is lower than glass or aluminium, silvered
polymers suffer from rapid degradation, with reflectance dropping below 75% after
just 10 years of exposure. Their short lifespan makes them unsuitable for long-term
applications, and they often require frequent replacement. These reflectors are best
suited for applications with short operational lifespans or areas with minimal solar
intensity. While they offer significant upfront cost savings, their long-term

performance in terms of reflectance retention and durability is less reliable.

Key Considerations:
o Very cost-effective for short-term or temporary installations

o Requires frequent replacement due to rapid degradation
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o Best suited for low-budget, short-term applications

Summary of Key Trends

In summary, the choice of reflector material significantly impacts both the performance and

economic viability of solar systems. Each material type has its strengths and limitations.

e Glass: Excellent durability and performance but costly and fragile, best for long-term,
large-scale applications.

e Aluminium: Cost-effective and versatile, especially in shaded environments, but
requires more frequent maintenance due to reflectance degradation.

e Silvered Polymer: Low-cost but with a short lifespan and poor long-term durability,

suited for temporary or budget-conscious applications.

These trends emphasize the importance of selecting the right reflector material based on specific
project needs, regional conditions, and cost considerations. Advancements in material science
and dynamic tracking technologies are expected to improve these trends further, making solar

reflectors more durable, efficient, and cost-effective in the future.

2.5. Concentrating Solar Power (CSP) Technologies and Secondary Reflectors

Concentrating Solar Power (CSP) technologies rely heavily on precise reflector configurations
to achieve high thermal efficiencies. The structural design of primary and secondary
reflectors must account for dynamic wind loads, which can cause misalignment, vibration,
and potential mechanical failure. Studies focusing on tropical climates such as Sri Lanka’s
emphasize that adaptive reflector designs incorporating wind-resilient materials and real-
time control systems are crucial for sustained CSP performance and longevity (Jayasinghe,
2022). Additionally, integrating wind load modeling within adaptive control frameworks,
such as ANFIS, can significantly improve system robustness and reliability. These systems
differ from photovoltaic (PV) systems in that they primarily focus on thermal energy
production rather than electricity generation via semiconductor panels. CSP systems
typically use optical elements, such as mirrors and lenses, to direct sunlight to a central

receiver, where the concentrated sunlight is converted into thermal energy.

CSP systems include various configurations, such as linear Fresnel reflectors, solar power

towers, parabolic troughs, and dish systems, each offering distinct advantages based on
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operational and geographic conditions. These technologies are particularly well-suited for areas
with high Direct Normal Irradiance (DNI), which refers to sunlight received directly from
the sun without scattering by the atmosphere. This is because CSP systems are designed to
collect and concentrate direct sunlight, rather than diffuse sunlight, making DNI a crucial factor

in determining their effectiveness.

Islam et al. (2018) conducted a comprehensive review of CSP technologies, outlining their
scalability, efficiency, and the potential to integrate with other renewable energy systems. Their
review emphasized the significant role of linear Fresnel reflectors in CSP applications. These
systems utilize flat or slightly curved mirrors to focus sunlight onto a central receiver, where
the concentrated sunlight heats a fluid, typically water or molten salt, which is then used to
generate steam and drive a turbine for electricity production. The simplicity and cost-
effectiveness of linear Fresnel reflectors make them an attractive option for large-scale CSP

projects, especially in regions where installation costs must be minimized.

Solar power towers represent another advanced CSP technology, which uses a field of
heliostats large mirrors that track the sun’s movement throughout the day to concentrate
sunlight onto a receiver located atop a central tower. This configuration offers higher thermal
efficiencies than other CSP technologies due to the ability to concentrate large amounts of
sunlight onto a small area, thus achieving greater temperatures. Solar power towers are
particularly effective in regions with high DNI and consistent sunlight, where they can produce

electricity continuously with minimal fluctuation.

The potential of CSP technology is aligned with the solar resources of tropical countries like
Sri Lanka, which experience moderate to high DNI levels year-round. As a result, Sri Lanka
has the potential to benefit from CSP installations to meet its growing energy needs sustainably.
Despite the advantages, the high upfront costs, land requirements, and complex maintenance
procedures can be barriers to large-scale CSP deployment. Additionally, as solar radiation varies
throughout the day and under different weather conditions, it is important for CSP systems to
have mechanisms in place to ensure consistent energy production. This is where adaptive

solutions, and secondary reflectors play a crucial role.
Secondary Reflectors in CSP Systems

Secondary reflectors are a key component in enhancing the performance of CSP systems by
improving energy capture and reducing energy losses. These reflectors work in tandem with
the primary concentrators (such as linear Fresnel reflectors or heliostats) to redirect and focus

additional sunlight onto the receiver. Secondary reflectors are particularly important for
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mitigating losses due to incident angle variations, shading, or non-ideal sunlight focusing.
By carefully adjusting their geometry, these reflectors improve the efficiency of sunlight
concentration, especially in systems like linear Fresnel collectors that are sensitive to the angle

at which sunlight strikes the reflectors.

In addition to improving energy capture, secondary reflectors can also enhance the spatial
efficiency of CSP systems, enabling better utilization of available land and allowing for
compact system designs. Given the scale of CSP installations, optimizing the performance of
reflectors through such secondary systems becomes crucial in maximizing output while

minimizing land use.

Thus, while the development of efficient CSP systems has made significant strides, the
integration of adaptive secondary reflectors and advanced tracking technologies continues
to push the boundaries of CSP performance, enabling more consistent and reliable energy

production, particularly in high DNI regions like Sri Lanka.

2.5.1 Adaptive Controls in CSP Systems

In Concentrating Solar Power (CSP) systems, the ability to adapt to fluctuating environmental
conditions is crucial for maintaining optimal performance and efficiency. A key challenge in
CSP systems is managing the temperature fluctuations in the receiver, where concentrated
sunlight is converted into thermal energy. If the system cannot efficiently regulate the heat
absorbed, it can lead to overheating, which may damage the system and reduce overall
performance. To address this issue, adaptive control strategies have been developed to adjust
critical system parameters in real-time, ensuring stable operation and prolonging the lifespan

of the system.

Abedini Najafabadi and Ozalp (2018) introduced an innovative approach to this problem by
proposing adaptive control strategies for regulating the aperture size of CSP systems. The
aperture in CSP systems controls the amount of sunlight entering the receiver, and adjusting its
size based on the sunlight intensity helps to optimize the thermal absorption rate. When sunlight
is intense, a larger aperture allows more light into the system, while a smaller aperture is used
during periods of low sunlight to avoid overheating and ensure efficient operation. This
dynamic adjustment of aperture size ensures that the receiver absorbs optimal heat, preventing

damage from excessive temperatures and enhancing the overall efficiency of the CSP system.

These adaptive control mechanisms, however, can be further enhanced when integrated with
Advanced Neuro-Fuzzy Inference Systems (ANFIS). ANFIS combines the advantages of fuzzy

logic and neural networks to enable systems to make intelligent, real-time decisions based on
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environmental data. In the case of CSP systems, ANFIS can analyse inputs such as sunlight
intensity, temperature, and weather forecasts to adjust the aperture size in real-time. This
integration allows for precise control of the CSP system, ensuring consistent thermal output

despite fluctuating solar conditions.

The real-time adaptability provided by ANFIS can also optimize the thermal efficiency of CSP
systems in environments with highly variable weather, such as in tropical regions like Sri
Lanka. In these regions, where sunlight intensity can vary throughout the day and weather
patterns are often unpredictable, maintaining consistent energy generation becomes a challenge.
ANFIS enabled adaptive controls ensure that the CSP system can respond to these changes

dynamically, maximizing energy capture and reducing system downtime.

The combination of adaptive controls with ANFIS thus represents a significant advancement in
CSP technology, ensuring that systems remain reliable, efficient, and resilient even in the face
of challenging environmental conditions. By leveraging these technologies, CSP systems can
become more cost-effective and sustainable, making them increasingly viable for regions like
Sri Lanka, which have high solar potential but experience significant variability in solar

conditions.

2.5.2 Secondary Reflectors in Linear Fresnel Systems

Secondary reflectors play a critical role in Concentrating Solar Power (CSP) systems by
improving the energy redirection efficiency and enhancing the overall thermal performance.
Hu (2017) explored the optimization of secondary reflectors in linear Fresnel collectors, a
common type of CSP technology. The goal of this optimization is to redirect sunlight that might
otherwise be lost due to uneven distribution across the absorber, thereby increasing the

efficiency of thermal energy capture.

In linear Fresnel collector systems, the primary reflectors focus sunlight onto a central
absorber tube. However, due to the geometry of the system and the incident angles of
sunlight, some parts of the absorber receive less sunlight than others. This can lead to
inefficiencies and a reduction in overall energy capture. To mitigate this issue, secondary
reflectors are introduced to further concentrate and redirect sunlight onto the absorber. Hu's
research (2017) demonstrated that optimizing the geometry of these secondary reflectors based
on incidence angles and sunlight distribution could significantly improve the system's
performance. With these optimized reflectors, energy redirection efficiency increased to over
90%, effectively maximizing the amount of sunlight absorbed and converted into thermal

energy.

31



The key to the success of this optimization lies in the precise adjustment of the secondary
reflectors' shape and positioning, ensuring that sunlight is directed onto the absorber as
efficiently as possible. These advancements highlight the importance of reflector design in
improving CSP system performance, particularly in regions with moderate to high Direct

Normal Irradiance (DNI), such as Sri Lanka.

Moreover, secondary reflectors address one of the primary challenges faced by CSP systems:
uneven sunlight distribution across the absorber. This uneven distribution can cause some
parts of the system to underperform, reducing the overall energy efficiency. By using optimized
secondary reflectors, CSP systems can achieve a more uniform concentration of sunlight,
ensuring that every part of the absorber is exposed to the maximum amount of sunlight, and

ultimately enhancing the thermal output of the system.

This approach also complements adaptive control strategies used in CSP systems. By
dynamically adjusting the aperture size based on environmental conditions, as discussed
earlier, CSP systems can maintain optimal performance throughout the day, regardless of
fluctuations in sunlight intensity or weather conditions. When coupled with secondary reflector
optimization, these systems can operate at peak efficiency even under dynamic sunlight

conditions, ensuring stable energy production and high thermal output.

6.9

6.8

y - vertical

6.7 -

6.6 -

| L 1 I I I | L 1 I
-05 -04 -03 -0.2 -01 0 0.1 0.2 0.3 0.4
¥ - horizontal

Figure 7 : Optimization of secondary reflectors in linear Fresnel systems, illustrating enhanced
light concentration (Zhu, 2017).
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Figure 7 illustrates the optimization concept of secondary reflectors, showcasing how the
adjustments to reflector geometry result in enhanced light concentration and improved energy
redirection. By fine-tuning the secondary reflectors' design, CSP systems can achieve higher
energy capture and greater thermal efficiency, ensuring long-term sustainability and cost-

effectiveness.

2.5.3 Emerging Trends in CSP Technologies

Recent advancements in Concentrating Solar Power (CSP) technologies are focused on
improving both efficiency and scalability, with an increasing emphasis on hybrid systems that
combine solar thermal and photovoltaic (PV) technologies to achieve higher overall energy
conversion rates. These hybrid systems integrate the strengths of both CSP and PV
technologies, allowing for continuous energy production by leveraging both direct sunlight (for
thermal energy) and diffuse sunlight (for electrical energy). This integration enhances the total

system efficiency, especially in areas with varying solar radiation.

One of the most promising developments in CSP technology is the use of molten salt storage
systems. These systems store excess heat generated during the day, allowing CSP plants to
continue generating power even during cloudy periods or after sunset. By maintaining high
temperatures in the storage medium (molten salt), CSP plants can provide reliable, consistent
power at any time, enhancing grid stability and enabling 24/7 energy supply. This technology
is especially beneficial in tropical regions like Sri Lanka, where sunlight intensity is high, but
fluctuating weather patterns could otherwise limit energy output. Molten salt systems help

bridge this gap by providing energy storage that ensures uninterrupted power supply.

Another emerging trend is the development of hybridized receivers, which combine different
materials or technologies to improve thermal energy capture and reduce losses. These receivers
are designed to handle varying solar fluxes, making them more adaptable to dynamic
environmental conditions. When coupled with IoT-based real-time monitoring and control
systems, hybrid CSP systems can adjust their operations dynamically, ensuring optimal

performance based on changing sunlight, weather conditions, and energy demands.

The integration of IoT in CSP technologies is further transforming the sector by enabling real-
time monitoring, data analytics, and adaptive control. Through sensors and intelligent
control systems, CSP plants can adjust reflector positions, aperture sizes, and other key

parameters to maximize efficiency and minimize energy losses.
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This capability ensures that CSP systems are highly responsive to environmental changes,

improving overall energy capture and thermal performance

Table 6 : CSP System Comparisons

Suitability for
CSP System Efficiency (%) Scalability Tropical
Regions
Linear Fresnel Reflectors 65 High High
Solar Power Towers 75 Moderate Moderate
Parabolic Troughs 60 High High
Dish Systems 80 Low Low

Table 6 summarizes the efficiency, scalability, and suitability of various CSP technologies,
providing a clear overview of their potential for large-scale deployment in tropical regions.
Among the different CSP systems, linear Fresnel reflectors and parabolic troughs show the
highest scalability and suitability for tropical climates due to their ability to perform efficiently
under high solar irradiation. Solar power towers, while more efficient, are less scalable and
suited for areas with more consistent direct sunlight, while dish systems, though highly
efficient, have limitations in terms of scalability and are generally less suited for large-scale,

commercial applications in tropical regions.

These emerging trends in CSP technology illustrate the growing potential for hybrid systems,
thermal storage, and IoT integration to enhance system efficiency, reliability, and
adaptability in regions with fluctuating solar conditions. With these advancements, CSP
systems are poised to play a significant role in meeting the energy needs of regions like Sri

Lanka, offering a sustainable and resilient solution for the future.
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CHAPTER 3 - METHODOLOGY

This chapter outlines the detailed methodology employed to design, develop, and evaluate the
Adaptive Solar Reflector System (ASR). The purpose of this system is to enhance the efficiency
of solar panels by dynamically adjusting the tilt and curvature of reflective mirrors based on
real-time environmental data. This methodology incorporates both hardware setup and
sophisticated modeling through the Adaptive Neuro-Fuzzy Inference System (ANFIS), with
real-time control facilitated by MATLAB and Arduino platforms. The aim is to ensure that the
ASR system operates optimally within the unique environmental and geographical context of

Sri Lanka.

3.1 Research Design

This research adopts a Design Science Research (DSR) methodology, recognized for its
effectiveness in creating and testing innovative technological solutions aimed at solving
practical issues. The central artifact of this study is the Adaptive Solar Reflector System
(ASR), designed to dynamically adjust the tilt and curvature of solar reflectors based on real-
time environmental data. This dynamic adjustment allows the ASR system to optimize solar
energy capture while addressing specific challenges posed by Sri Lanka's unique
geographical and environmental conditions, including seasonal wind patterns, temperature
fluctuations, and solar irradiance variability. The system is designed with a focus on deployment
in Sri Lanka, considering the country’s high levels of solar irradiance and distinct

environmental conditions, which include both seasonal and geographical variations.

The core goal of the research is to test and optimize the ASR’s performance by ensuring that
the solar panels receive the maximum possible sunlight exposure throughout the day. By
continuously adjusting the position of the reflective mirrors, the system ensures the panels are
aligned with the sun’s position, thereby maximizing energy efficiency. The adaptive nature of
the ASR is a response to Sri Lanka’s specific environmental factors, ensuring the system is

well-suited to the challenges and opportunities provided by the region's solar resource.

3.2 Hardware Setup

The hardware setup of the ASR system integrates several critical components to track sunlight
and maximize energy capture. These include solar panels, reflective mirrors, environmental

sensors, and microcontrollers, each playing a pivotal role in optimizing system performance.
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Special attention is given to sensor configurations, such as Light Dependent Resistors
(LDRs) and temperature sensors, designed to capture data under fluctuating conditions,

including wind impact and structural integrity under high wind speeds.
3.2.1 Solar Panel Setup
The ASR system utilizes 1W solar panels with specific characteristics:

e Output Voltage: 6V
e Current Range: 180mA

e Dimensions: 9mm x 69mm

To calculate the power output from each solar panel, the following equation is used:
P=VxI

Where,

e P =Power output in watts
e I/ = Output voltage (6V)
e | = Current (up to 180mA)

Thus, under optimal sunlight conditions, the output power is,
P=6V x0.18A=1.08W

However, the power output will fluctuate throughout the day due to variations in sunlight
intensity and the angle of tilt. The system will simulate these variations in power generation by
adjusting the load connected to the panels. This load will be represented by LEDs, with the
number of LEDs being adjustable to simulate different power consumption scenarios, thereby

enabling a flexible approach to testing under varied environmental conditions.
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3.2.2 Reflective Mirror Setup

The reflective mirrors in the ASR system are made from a flexible plastic panel coated with
silver-finished reflective tint as shown in below Figure 9. This setup is mounted on an
adjustable frame that can tilt using a servo motor. A third servo motor is used to adjust the
curvature of the mirror. This allows the mirror to focus sunlight onto the solar panels with
optimal precision. The curvature of the mirror is adjusted by pulling or releasing the flexible
plastic, ensuring that sunlight is concentrated at the most efficient angle for energy capture. To

maintain symmetry, 3D-printed guides are utilized.

Figure 9 : Adjustable Curvature Proposed

3.2.3 Sensor Setup
To track the environmental conditions that affect solar panel performance, several sensors are
incorporated into the ASR system,
e Light Dependent Resistors (LDRs): Eight LDRs are arranged symmetrically in a
circular pattern Figure 10 to measure sunlight intensity from multiple angles. This

configuration enables the system to track the sun’s position with great accuracy.
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Figure 10 : Designed 8 LDRs Sun Tracker
Temperature Sensor (DHT22): This sensor monitors the ambient temperature, which
can significantly influence the efficiency of the solar panels.
Simulated Wind Speed: Since an anemometer is not employed, MATLAB generates
simulated wind speed data based on typical weather conditions in Sri Lanka. This helps

to account for the effects of wind on the system's stability and performance.

3.2.4 Microcontroller Setup

The Adaptive Solar Reflector (ASR) system operates with two primary microcontrollers that

provide efficient data processing and real-time control.

L

II.

Primary Microcontroller (Arduino Mega 2560)

The Arduino Mega 2560 (“Arduino Mega 2560 Board: Specifications, and Pin
Configuration,” n.d.) is responsible for acquiring environmental data from various
sensors, including sunlight intensity, sunlight direction and temperature.

This data is transmitted to MATLAB for processing via the USB UART (Universal
Asynchronous Receiver-Transmitter) protocol, enabling seamless data exchange
between the microcontroller and the computing environment.

MATLAB, utilizing the ANFIS (Adaptive Neuro-Fuzzy Inference System) model,
generates control signals that dictate the optimal positioning of the solar panel and
mirrors. These signals are sent back to the Arduino Mega through the same USB

UART connection, ensuring precise real-time adjustments.
Secondary Microcontroller (ESP32)

The ESP32 microcontroller (Santos, 2024)plays a crucial role in managing the

Internet of Things (IoT) connectivity of the ASR system.
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e The ESP32 and Arduino Mega communicate using the UART protocol, a serial

communication method that allows efficient data transfer between the two

microcontrollers.

e The ESP32 acts as an intermediary, ensuring that the system remains connected and

capable of remote monitoring and adjustments.

3.2.5 Communication Protocols Used in the ASR System

I. ESP32 and Arduino Mega (UART Communication)

The ESP32 and Arduino Mega communicate using UART, a simple and reliable
serial protocol that supports real-time data transfer with minimal latency.

The TX (transmit) pin of one microcontroller is connected to the RX (receive)
pin of the other, allowing bidirectional data flow.

This ensures that sensor readings collected by the ESP32 can be relayed to the

Arduino Mega and vice versa.

II. Arduino Mega and MATLAB (USB UART Communication)

The Arduino Mega is connected to MATLAB via a USB UART interface, which

enables high-speed serial data transfer.

MATLAB reads sensor values from the serial port, processes them using the ANFIS

model, and sends back the corresponding control commands.

The Arduino Mega continuously listens to MATLAB’s output and adjusts the servo

motors accordingly to optimize the solar panel and mirror positioning.

By integrating both microcontrollers with UART-based communication as Figure 11 , the

ASR system ensures efficient data transfer, real-time adaptability, and precise execution of

control commands, ultimately enhancing the solar panel’s efficiency under varying

environmental conditions.
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Figure 11 : UART Communication of the System



3.3 Firmware Development

3.3.1 Geographic and Environmental Considerations for Sri Lanka

Sri Lanka’s geographical location (SRI LANKA General Information Geography, n.d.),
positioned between 5°55' N and 9°51' N, guarantees consistent solar exposure, a key factor for
optimizing solar panel tilt and reflector positioning. However, the system also incorporates
wind speed simulations to adjust for seasonal wind patterns, ensuring structural stability. For
example, high-speed winds during the Southwest Monsoon (May to September) and Northeast
Monsoon (December to February) are factored into the design to prevent potential damage to

the reflective mirrors and ensure the ASR system's operational integrity.
3.3.2 Solar Irradiance and Angle of Incidence

Sri Lanka experiences high levels of solar irradiance, with an average ranging from 4.5
kWh/m?/day to 5.5 kWh/m?/day depending on the season. To optimize sunlight exposure, the
solar zenith angle () must be calculated. This angle determines the optimal tilt of the solar

panels and reflective mirrors and is computed using the formula.
6 = arccos (sin (6) - sin (¢) + cos () - cos (¢) - cos (HRA))
Where,
e 4 = Declination angle, which changes with the day of the year

e @ = Latitude of Sri Lanka (~7.5° N)

e HRA = Hour angle, which varies based on the time of day

This solar zenith angle (0) (NASA, n.d.) will be computed in MATLAB and serve as output to
the ANFIS model, which will adjust the tilt of the panels and mirrors throughout the day. This
ensures that the system continuously optimizes its position to capture the maximum sunlight

possible based on the solar position at any given time.
3.3.3 Panel Tilt and Orientation

In Sri Lanka’s near-equatorial location, the optimal tilt angle for solar panels is typically close
to 0° (horizontal). However, slight adjustments are made to account for seasonal variations. For
example, during the Northeast Monsoon, the panels may tilt slightly northward to capture more

sunlight. The system’s sun-tracking mechanism dynamically adjusts the tilt angle and mirror
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orientation based on data from the solar zenith angle, ensuring that the solar panels and mirrors

are always positioned to capture the most sunlight.
3.3.4 Solar Power Calculation in Arduino

To calculate the power generated by the solar panels in real-time, the ASR system uses INA219
current sensors, which provide accurate voltage and current measurements. The power output

is calculated using the formula.
P = Vpanel X Ipanel
Where,

e P =Power output (W)

o VU

banel = Yoltage from the solar panel (6V)

* Iy = Current measured by the INA219 sensor

Real-time data collected from the INA219 (INA219 Current Sensor Rembor, n.d.) sensor will
be sent to MATLAB via serial communication to update the ANFIS model. This real-time
feedback loop allows the ANFIS model to adjust the panel and mirror settings based on actual

power generation, optimizing energy capture continuously.
3.3.5 Wind Speed Simulation in MATLAB

Wind conditions in Sri Lanka show significant variation, with the Southwest Monsoon (May—
September) and Northeast Monsoon (December—February) seeing wind speeds ranging from
18 km/h to 40 km/h, which can affect both solar panel positioning and the structural stability
of the ASR system. These fluctuations necessitate the implementation of a wind speed
simulation in MATLAB, which accounts for seasonal shifts and dynamically adjusts the tilt
and curvature of the mirrors. Such adaptive measures prevent wind-induced damage and

ensure optimal energy capture even in high-wind scenarios.

To account for these variations, MATLAB generates simulated wind speed data based
on seasonal trends. This data is used to dynamically adjust the tilt and curvature of the
mirrors, ensuring structural stability and optimal performance in high wind conditions. The

following MATLAB code simulates wind speed based on these seasonal variations

Figure 12.
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% Define seasonal wind speed ranges (in km/h)

monsoonRange = [18, 48]; % Monsoon wind speed range (May-Sep, Dec-Feb)
nonMonsoonRange = [4, 1@]; % Non-monsoon wind speed range (Mar-Apr, Oct-Now)
% Generate random season assignments (1 = monsoon, @ = non-monsoon)

season = randi([@, 1], numDataPoints, 1);

% Generate wind speed data based on the season
WindSpeed = zeros({numDataPoints, 1);
for i = 1:numDataPoints

[y
MNP W~ ;W

[y
w

14 if season(i) ==

15 WindSpeed(i) = round((monsoonRangz(1l) + (monsconRange(2) - monsconRange(1l)) * rand()), 1);
16 else

17 WindSpeed(i) = round{(nonMonsconRange(l)} + (nonMonsoconRange(2) - nonMonsoonRange(1)) * rand()), 1);
18 end

19 end

20 |

21 % Load existing CSV file

22 filename = ‘solar_tracking_windplus_dataset.csv’;

23 data = readtable(filename, 'VariableMamingRule', ‘preserve');

24

25 % Insert generated wind speed data into the existing column

26 numExistingRows = height(data);

27 numInsertRows = min({numDataPoints, numExistingRows);

28 data{l:numInsertRows, 'Wind Speed (km/h)'} = WindSpeed(l:numInsertRows);

29

3e % Save the updated table back to the C5V file

31 writetable(data, filename);

Figure 12 : Wind Speed Simulated Data Save

This data is sent to the ANFIS model in MATLAB, where it influences adjustments to the

system’s orientation to minimize wind damage and ensure the system's structural integrity.
3.3.6 Environmental Data Processing and ANFIS-Based Control System

The ANFIS model is a key component of the ASR system, processing environmental data such
as sunlight intensity, temperature, and wind speed, and using this data to adjust the solar panel
and mirror settings in real-time. ANFIS integrates neural networks with fuzzy logic systems,
making it capable of modeling complex, nonlinear relationships and handling uncertainties in
the data. This makes it particularly well-suited for controlling the ASR system, where many

variables need to be continuously monitored and adjusted.
Inputs and Outputs of the ANFIS Model

The ANFIS model processes environmental data, including sunlight intensity, temperature,
and wind speed inputs. These variables influence control signals that adjust the tilt of the solar
panels, as well as the tilt and curvature of the mirrors. Real-time adjustments, based on wind
speed data, are made to minimize structural risks and ensure optimal sunlight capture while
maintaining system stability during adverse weather conditions. This dynamic feedback loop
integrates environmental variations into the control system, adapting the ASR's operation to

both solar resource availability and wind stress conditions.
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Inputs

The following inputs are derived from various environmental sensors, which provide critical

data needed to dynamically adjust the system.

I. Sunlight Intensity: The intensity of sunlight is measured using four Light Dependent
Resistors (LDRs) placed on different sides of the system (top, bottom, left, and right) as in
Figure 13.

Figure 13 : LDRs placement

The sunlight intensity at any given moment is determined by averaging the values of
specific Light Dependent Resistors (LDRs) positioned at different orientations around the
solar panel. These LDRs provide real-time data, which is used to dynamically adjust the

solar panels and mirrors to optimize sunlight capture from various angles.
Sunlight Intensity Calculation Formula

The Sunlight Intensity (Sunlntensity) is computed as follows,

(LDRI1 + LDR2 + LDR3 + LDR4 + LDR5 + LDR6 + LDR7 + LDRS)
8

Sun Intensity =

Where,

o Top LDRs: LDR2, LDR3

e Bottom LDRs: LDR6, LDR7
e Left LDRs: LDR1, LDRS8

o Right LDRs: LDR4, LDRS
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This real-time intensity value is then processed by the ANFIS model in MATLAB,
which generates control signals to adjust the solar panel and mirrors accordingly. By
maintaining an optimal panel orientation based on the computed sunlight intensity, the

system ensures maximum solar energy efficiency throughout the day.

II. Temperature: The ambient temperature, measured by the DHT22 sensor, impacts the
efficiency of the solar panels. As temperature rises, the efficiency of the panels can
decrease. Therefore, this input helps the system adjust the tilt and curvature of the mirror

and panel to optimize energy capture under varying thermal conditions.
e Temperature (°C) is extracted directly from the sensor data.

II1. Simulated Wind Speed: Wind speed data is used to assess the impact of wind on the
structural stability of the ASR system. By simulating wind conditions based on seasonal
variations, this input adjusts the tilt and curvature of the mirrors to minimize potential wind
damage. The system dynamically adapts to ensure the safety and integrity of the setup

during high wind conditions.
e Wind Speed (km/h) is extracted from the sensor data for processing.

IV. Vertical Diff: This input measures the difference in sunlight intensity between the vertical
positions (e.g., upper and lower sides of the system). It helps determine whether the system

needs to adjust the tilt to improve sunlight capture across the vertical axis.
o Vertical Diff is extracted directly from the sensor data.

V. Horizontal Diff: This input measures the difference in sunlight intensity across the
horizontal positions (e.g., left and right sides of the system). This data allows the system to

determine if the tilt or mirror curvature needs adjustment for better alignment with the sun.

o Horizontal Diff is extracted directly from the sensor data.
Outputs

Based on the inputs mentioned above, the ANFIS model generates control signals that adjust

the following parameters,

I. Panel Tilt Angle: This output controls the servo motor responsible for adjusting the tilt
angle of the solar panel. The tilt angle ensures that the panel is positioned optimally to
capture the maximum amount of sunlight based on the real-time sunlight intensity,

temperature, and wind conditions.
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e Servo 1 Angle (Tilt Panel): The tilt angle for the solar panel is generated as an

output.

II. Mirror Tilt Angle: This output adjusts the angle of the reflective mirror, which ensures
that sunlight is directed efficiently onto the solar panel. By optimizing the mirror’s tilt,

the system can increase the amount of sunlight that reaches the panel.

e Servo 2 Angle (Mirror Tilt): The tilt angle of the reflective mirror is controlled

based on environmental conditions and panel positioning.

III. Mirror Curvature: This output controls the curvature of the reflective mirror,
adjusting its shape dynamically to focus sunlight more effectively onto the solar panel.
The curvature helps enhance efficiency by concentrating sunlight in a way that

maximizes energy capture.

e Servo 3 Angle (Mirror Curvature): The curvature of the reflective mirror is

adjusted in response to the calculated tilt and sunlight intensity.

Why Use ANFIS?

ANFIS (“adaptive neuro-fuzzy inference system - an overview | ScienceDirect Topics,” n.d.)
was selected for this research because of its ability to handle the nonlinearity and complexity
of real-world environmental data. The relationships between sunlight intensity, temperature,
wind speed, and solar panel performance are intricate, and ANFIS’s combination of neural
networks and fuzzy logic makes it an ideal choice for modeling these relationships. Moreover,
ANFIS can manage uncertainties in sensor data, such as fluctuating sunlight levels or
temperature variations, and it can predict future environmental conditions to pre-emptively

adjust the system for optimal energy capture.

3.3.7 Develop MATLAB functions for ANFIS model

The ANFIS model is implemented in MATLAB to process environmental data and generate
precise control signals for adjusting the solar panel tilt, mirror tilt, and mirror curvature.
Since each movement requires independent adjustments based on different environmental

conditions, three separate ANFIS models are used as shown in below Figure 14,

Servo 1 (Tilt Panel): Adjusts the main solar panel's tilt to maximize direct sunlight

absorption.
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II. Servo 2 (Mirror Tilt): Modifies the tilt of the mirrors to optimize sunlight reflection

toward the panel.

III. Servo 3 (Mirror Curvature): Controls the curvature of the mirrors to either focus or

diffuse light, ensuring uniform energy distribution.

44 % ANFIS for Servo 1 (Tilt Panel)

a5 genOptl = genfisOptions(’GridPartiticn’, 'NumMembershipFunctions', numMFs, | InputMembershipFunctienType', mfType);

46 fisl = genfis(trainInputs, trainOutputs(:,1), genOptl);

a7 trainlptl = anfisOptions{'InitialFIS', fisl, 'EpochNumber’, epochs, 'ValidationData', [wvalidationInputs, validationQutputs(:,1)]);
43 [trainedFIS1, trainErrorl, ~, trainedFIS1lval, valErrorl] = anfis([trainInputs trainQutputs(:,1)], trainOptl);

a9

58 % ANFIS for Servo 2 (Mirror Tilt)

51 genOpt2 = genfisOptions(’GridPartition’, 'NumMembershipFunctions', numMFs, |'InputMembershipFunctionType', mfType);

52 fis2 = genfis(trainInputs, trainOutputs(:,2), genOpt2);

53 trainOpt2 = anfisOptions('InitialFIS’', fis2, 'EpochNumber’, epochs, 'ValidationData', [wvalidationInputs, validationOutputs(:,2)]);
54 [trainedFIS2, trainError2, ~, trainedFIS2val, valError2] = anfis([trainInputs trainQutputs(:,2)], trainOpt2);

55

56 % ANFIS for Servo 3 (Mirror Curvature)

57 genOpt3 = genfisOptions('GridPartition’, 'NumMembershipFunctions', numMFs, |'InputMembershipFunctionType', mfType);

58 fis3 = genfis(trainInputs, trainOutputs(:,3), genOpt3);

59 trainOpt3 = anfisOptions('InitialFIS', fis3, 'Epochlumber’, epochs, 'ValidationData', [validationInputs, validationOutputs(:,3)]);
60 [trainedFIS3, trainError3, ~, trainedFIS3val, valError3] = anfis([trainInputs trainOutputs(:,3)], trainOpt3);
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Figure 14 : ANFIS Models

Each servo motor is influenced by multiple factors such as temperature, wind speed, sunlight
intensity, and angular differences, requiring individual learning and fuzzy logic rules. By

training separate ANFIS models, the system ensures,
Better adaptability to changing weather conditions.
More precise control of each movement.

Increased efficiency in energy capture and reflection.

The ANFIS models process real-time sensor data and generate control signals to
dynamically adjust the solar panel and mirror positioning for optimal performance. Below is a
flowchart Figure 15 depicting the flow of data from the sensors to the ANFIS model, and how

it generates control signals for adjusting the solar panel and mirror.

Inputs ANFIS Models Outputs
Servo 1 Angle (Tilt Panel)
ANFIS for Servo 1
(Tilt Panel)

Servo 1 Angle (Tilt Panel)

Temperature,
WindSpeed, ANFIS for Servo 2

Sunintensity, (Mirror Tilt)
VerticalDiff,

ANFIS for Servo 3
(Mirror Curvature)

Servo 1 Angle (Tilt Panel)

Figure 15 : ANFIS Models Flow Chart



3.3.8 Data Gathering and Preprocessing and Training
Data Collection

For both training and real-time operation of the ASR system, environmental data will be

gathered from the following sensors,

e LDRs (Light Dependent Resistors): These sensors will measure the intensity of sunlight
hitting the solar panels from different angles, enabling precise control of the panel’s tilt and

the mirror's orientation.

e DHT22 Temperature Sensor: This sensor will monitor the ambient temperature, which
influences the efficiency of the solar panels. Temperature data is crucial for adjusting the

system’s settings to minimize power losses caused by extreme heat or cold.

e Simulated Wind Speed: Wind speed data will be generated in MATLAB based on typical
seasonal conditions in Sri Lanka. The simulated wind speed is essential for adjusting the

system to prevent damage caused by high wind conditions.
Data Preprocessing

Before feeding the data into the ANFIS model, it will undergo preprocessing to ensure its quality

and accuracy. The key steps involved in data preprocessing are as follows Figure 16,

o Normalization: Sensor data will be normalized to ensure it falls within a range that is
compatible with the ANFIS model. This helps the model interpret the data correctly and
adjust the system efficiently.

e QOutlier Removal: Any anomalies or noise in the data that may distort the training process
will be removed. This ensures that only accurate and reliable data is used to train the ANFIS

model.

Raw Save Read Outlier ' Normalization '

Sensor b Data for Removal of inputs
Data Dataias training
CsV

Figure 16 : Data Preprocess Flow
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Training Phase

The data collected from the sensors will be split into two sets: training and testing. The training
set will be used to teach the ANFIS model, while the testing set will be used to evaluate its

performance and accuracy. The following steps will guide the training phase,

o Data Splitting: The collected data will be divided into a training set and a testing set.
The training set will help the ANFIS model learn the relationships between
environmental conditions (e.g., sunlight, temperature, wind speed) and the control
signals needed for optimal solar panel performance. The testing set will allow for the
validation of the model’s predictions and help assess its generalizability to new, unseen
data.

e ANFIS Training: During the training phase, the ANFIS model will learn how to map
the environmental data to appropriate control signals (e.g., tilt angles, mirror curvature).
The model will adjust its parameters iteratively based on the training data.

o Validation: After training, the ANFIS model will be validated using the testing set. The
error in the model’s predictions will be measured using metrics such as Mean Squared

Error (MSE) to assess its accuracy and reliability.
3.3.9 Final Integration and Environment Setup

Once the ANFIS model has been trained and validated, the final system will integrate the
hardware components with the software, using MATLAB and Arduino for real-time control of
the ASR system. The integration process involves several steps to ensure that all components

function seamlessly together.
MATLAB and Arduino Integration

The integration of MATLAB and Arduino plays a key role in ensuring that the ASR system
operates in real-time, adjusting the solar panels and reflective mirrors dynamically based on

environmental data. The integration steps are as follows,

e Sensor Data Transmission: Environmental data from the LDRs, temperature sensor,
and simulated wind speed will be transmitted from the secondary microcontroller
(Arduino) to MATLAB through serial communication. This allows MATLAB to process
the data and generate control signals.

e Real-Time Adjustments: Once MATLAB processes the environmental data, it will

generate control signals for adjusting the tilt and curvature of the solar panels and
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reflective mirrors. These commands will be sent back to the primary microcontroller

(Arduino), which will activate the servo motors to make the necessary adjustments.

e Continuous Feedback Loop: The system will operate in a feedback loop, where real-

time environmental data is continuously sent to MATLAB, which processes the

information and sends updated commands to the hardware. This ensures that the solar

panels and mirrors are constantly adjusted for optimal energy capture, based on the

current environmental conditions.

Arduino and ESP32 Integration

The integration of Arduino Mega and ESP32 enhances the functionality of the ASR system by

enabling real-time data exchange and remote monitoring through IoT. While Arduino Mega is

responsible for collecting sensor data and controlling the movement of the solar panel and

mirrors, the ESP32 facilitates the transmission of this data to an IoT web server, allowing for

remote access and system monitoring.

I. Real-Time Data Communication Between Arduino and ESP32

The Arduino Mega gathers environmental data from sensors such as LDRs, the
DHT22 temperature sensor, and the wind speed sensor.

This data is then transmitted to the ESP32 using the UART (Universal
Asynchronous Receiver-Transmitter) protocol. UART ensures reliable serial
communication between the two microcontrollers, allowing real-time data

sharing.

II. 10T Web Server Integration for Remote Monitoring

The ESP32 sends the collected environmental data to an IoT-based web server,
making it accessible through an online dashboard.

This allows users to remotely monitor key parameters such as sunlight intensity,
temperature, wind speed, and solar panel adjustments from any internet-
connected device.

Additionally, the 10T server can store historical data, which can be used for

further analysis and performance optimization.

I11.System Synchronization and Remote Accessibility

The Arduino Mega and ESP32 work together to ensure continuous data
synchronization, meaning that the system always operates with the most recent

environmental readings.
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o By utilizing Wi-Fi connectivity through ESP32, the ASR system allows remote
access, enabling users to supervise, troubleshoot, and optimize the system in

real-time.

Through the integration of Arduino Mega and MATLAB, the ASR system efficiently processes
environmental data in real-time, allowing for dynamic solar panel and mirror adjustments based
on ANFIS-generated control signals. Additionally, Arduino Mega and ESP32 work together to
facilitate data transmission and IoT-based remote monitoring, ensuring that sensor readings and

system performance can be accessed and analyzed from any location.

By combining Arduino Mega, MATLAB, ESP32, various environmental sensors, and actuators,
the final ASR system operates as a fully integrated, adaptive system as shown in below plan
Figure 17. It continuously collects environmental data, processes it through MATLAB's ANFIS
model, and executes precise actuator adjustments to optimize solar energy capture, while also

enabling remote monitoring and analysis through IoT connectivity

Light Sensor

Readings —

(Inputs)

Fuzzy Inference System

|

(

- Map Actuators Mirrors +_ PV panel
Position positions =N Control = Adjust
Coordinates | o (Outputs) (Result)
(Outputs) actuators :
Communicate
s with Wi-Fi
Temperature , Module
Wind Speed | = = | Wi-FiModule | 10T Gateway
(Inputs) Main Microcontroller & (Comm.) <A | (Inputs + outputs)

Figure 17 : Proposed System Plan

Summary

In this chapter, the methodology for the development and evaluation of the Adaptive Solar
Reflector System (ASR) has been thoroughly detailed. The methodology integrates hardware
setup, including solar panels, reflective mirrors, sensors, and microcontrollers, with advanced
software control through the ANFIS model. The system’s design considers Sri Lanka’s unique
environmental factors, such as high solar irradiance and seasonal variations in temperature and

wind conditions.

The use of MATLAB and Arduino provides real-time processing and control, enabling the ASR

system to dynamically adjust the tilt and curvature of the solar panels and mirrors to maximize
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energy capture. The data collection, preprocessing, training, and integration phases ensure that
the system operates efficiently under real-world conditions. The inclusion of LED loads for
power generation testing further enhances the system’s adaptability to fluctuating

environmental conditions, ensuring optimal performance across varying weather scenarios.
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3.4 Implementation

3.4.1 Implementation Overview

This topic walks through the implementation of the Adaptive Solar Reflector System (ASR),
designed to dynamically adjust the tilt and curvature of solar reflectors based on real-time
environmental data. The implementation process follows a staged approach: hardware setup,
real-time data collection, ANFIS model development and training, and final integration. The
system is designed to adapt to Sri Lanka's environmental conditions, considering wind
dynamics and solar irradiance. The integration phase ensures that the ASR system efficiently
adapts to dynamic wind patterns, leveraging data from wind simulations to optimize
performance while maintaining structural integrity under high wind speeds, particularly during
seasonal monsoons. The chapter highlights each stage in the development process, the tools
used, and the challenges encountered, ultimately resulting in a fully integrated system

optimized for maximizing solar energy capture.
3.4.2 Hardware Implementation Stage

Step 1: Solar Panels and Reflective Mirror Setup

The preliminary stage of implementing the Adaptive Solar Reflector (ASR) system involved
the careful setup and testing of the hardware components. Two prototypes were developed: the
first with two fixed solar panels and the second featuring the proposed tilting PV panel
connected to a flexible reflective mirror as shown in Figure 18. The purpose of these prototypes
was to compare the performance of the fixed panel configuration with the adjustable system,
but it was soon realized that valid comparisons could not be made due to differing

environmental factors and structural conditions in each prototype.

Figure 18 : Left Fixed Panel Prototype and Right Advanced Proposed Prototype

54



Therefore, the decision was made to proceed with the proposed advanced structure only Figure
19. The tilting PV panel was aligned with the fixed PV panel to ensure that data could be
collected from the fixed panel as a baseline for later performance evaluation after the
introduction of the mirror. This alignment allowed for consistent data to be collected before

adding the complexity of the mirror adjustments.

T

Figure 19 : Fixed and Tilting PV Panel Setup

The solar panel setup used two 1W solar panels with the following specifications:

¢ Output Voltage: 6V
e Current Range: 180mA

¢ Dimensions: 99mm x 69mm

Each panel’s power output was calculated using the formula P =V x I and the current sensor
IN219, where the output voltage is 6V and the current can reach up to 180mA. As the solar
panels’ output fluctuates due to environmental factors, the system was designed to adjust the
load using LEDs, simulating various energy consumption scenarios to maintain consistent

power generation under fluctuating sunlight conditions.

Challenge: One of the primary challenges was ensuring stable power output from the solar
panels despite varying sunlight intensity. The LED load adjustment played a key role in
simulating how different energy demands could affect the system’s ability to maintain stable

power generation.
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The tilting PV panel was connected to the fixed panel, allowing it to tilt along the horizontal
axis only. A flexible reflective mirror was attached to this tilting panel Figure 20, allowing the
mirror to adjust along the same axis to focus sunlight onto the panel for optimal solar energy

capture.

Figure 20 : Advanced Prototype Structure with Mirror

Prototype Stage

During the prototype stage, the focus was on validating the design and testing the core
components in real-world conditions. The system design aimed to maximize energy capture by
integrating adjustable solar panels and a flexible mirror. The primary tasks during this stage

were,

e Building the Prototype: The prototype was constructed using a 3D printer to create the
structure that holds the components in place. This included one fixed PV panel and one
tilting PV panel, along with a flexible mirror attached to the tilting panel.

o Testing the Adjustability: The tilting panels and mirrors were adjusted for accurate
tracking of the sun’s movement to ensure maximum energy capture.

e Servo Motor Configuration: The system used three servo motors to control the tilt and

curvature of the panels and mirrors.
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The primary purposes of each servo motor are outlined below,

e Servo 1: Controls the tilt of the fixed PV panel, allowing it to follow the sun’s
movement throughout the day. This ensures that the solar panels are always aligned with
the sun for maximum sunlight exposure.

e Servo 2: Controls the tilt of the reflective mirror, allowing it to track sunlight accurately.
This motor helps direct sunlight onto the panels by adjusting the mirror's position in
relation to the sun.

e Servo 3: Adjusts the curvature of the flexible mirror to focus sunlight onto the panels.
The motor pulls and releases the mirror along guided lines in the structure, causing it to

bend and achieve the required curvature.

Challenge: A significant issue faced during the prototype stage was the need for high-torque
servo motors. Servo 1 had to support both the PV panel and the reflective mirror, which required
more torque to maintain stable movement. The selection of a suitable motor capable of handling
the combined weight of these components while ensuring smooth and accurate adjustments was

critical to the system’s stability and performance.
Servo Motor Configuration

Initially, SG90 servo motors were selected for controlling the tilt of the mirror and the
adjustment of the mirror’s curvature. However, the SG90 motor was found to be insufficient in
terms of torque when tasked with carrying both the tilting PV panel and the mirror. This resulted

in unstable performance under load, especially when the system was required to maintain

continuous movement over time Figure 21.

Figure 21 : Initial Servo setup
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As a result, Servo 1 was replaced with a more powerful MG90 servo motor, which provided
better torque for supporting the weight of the PV panel and mirror. Despite this, power remained
insufficient to ensure smooth operation under continuous load. To address this, Servo 1 was
further upgraded to the MG996R heavy-duty servo motor, which provided the required torque
and stability for both the tilting PV panel and the flexible mirror.

This upgrade necessitated a redesign of the prototype to accommodate the larger MG996R
motor. The increased size and torque capacity of the motor required an expansion of the

prototype's structure to properly fit and securely attach the motor Figure 22.

Challenge: The transition to the MG996R motor required a redesign of the structure to ensure
proper fitting and secure attachment. The added torque also influenced the system’s overall

stability, requiring adjustments in both the motor placement and the structure’s alignment.

Figure 22 : Prototype Redesigned final prototyped Structure

In addition to the tilt adjustment, Servo 3 was placed behind the mirror panel structure to control
the curvature of the mirror. This motor was responsible for pulling and releasing the flexible
mirror along the guided lines in the structure Figure 23. When activated, Servo 3 caused the
mirror to bend, achieving the required curvature. This allowed the system to focus sunlight

more effectively onto the panels, enhancing energy capture.
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Figure 23 : Flexible Mirror Structure

Final Prototype and Adjustment

Following the upgrades to the servo motors and the structural redesign, the system’s
performance improved significantly. The MG996R motor provided the necessary torque for
both the tilting PV panel and the flexible mirror, enabling the system to operate smoothly, even

under varying environmental conditions.

The final system setup enabled the panels to track the sun and adjust the mirror’s curvature to
focus sunlight on the panels. Continuous calibration of the mirror and tilt adjustments ensured

that the panels remained aligned with the sun throughout the day, optimizing energy capture.
Step 2: Sensor Integration to Setup

The next critical phase in the development of the Adaptive Solar Reflector (ASR) system was
the integration of the environmental sensors. These sensors were essential for collecting the
necessary data to optimize the system's operation and ensure efficient tracking of the sun's

position, as well as environmental factors affecting energy capture.
Sensor Selection Rationale

The choice of sensors was driven by the need for accurate and reliable data to control the
system's adjustment mechanisms, such as the tilt and curvature of the solar panels and mirrors.
The goal was to provide real-time data that could optimize solar energy capture and adjust the

system parameters effectively,

o« LDRs (Light Dependent Resistors): LDRs were chosen for their sensitivity to light
intensity, enabling the system to detect and respond to variations in sunlight. The system
required continuous updates on the sun’s position to ensure the solar panels and mirrors

were always aligned for optimal sunlight exposure.

59



e DHT22 Temperature Sensor: The DHT22 was selected over other sensors, such as the
DHTI11, due to its higher accuracy, broader range, and faster response time. These
characteristics were crucial for capturing precise temperature data, which directly
impacts solar panel efficiency.

e Simulated Wind Speed Data: As an anemometer was not used, MATLAB simulated
the wind speed based on historical weather patterns in Sri Lanka. This approach reduced
costs and complexity while providing sufficient data to model wind effects on the ASR

system.
LDR Setup and Sunlight Intensity Tracking

To track the sun's movement and ensure that sunlight was captured optimally, eight LDRs were
arranged symmetrically in a circular pattern on the tilting PV panel. This arrangement allowed
the ASR system to continuously monitor sunlight intensity from different directions, providing
the data needed to track the sun’s movement across the sky. By aligning the tilting panel with
the fixed panel, data from the fixed panel could be collected as a baseline, enabling performance

evaluation after the mirror was introduced.

LDR Sensor Layout,

Top LDRs: LDR2, LDR3
Bottom LDRs: LDR6, LDR7
Left LDRs: LDR1, LDRS
Right LDRs: LDR4, LDRS

This arrangement ensured that sunlight intensity from multiple directions could be measured,
allowing the system to calculate the average intensity for each direction and accurately adjust

the position of the panels and mirrors for maximum sunlight exposure Figure 24.

Figure 24 : LDRs Arrangement Module
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Challenge: One challenge in setting up the LDRs was ensuring that they provided consistent
data despite environmental changes like cloud cover or wind, which could cause temporary
misalignments. The calibration of the sensors was essential to filter out any noise and ensure

that the system responded accurately to sunlight variations.
Arduino Function for LDR Sensor Readings

The Arduino Mega was programmed to read values from the eight LDR sensors and calculate
the average light intensity for each direction Figure 25. Calibration limits were applied to filter
out extreme readings that could result from sensor anomalies, ensuring the reliability of the

data.

LDR pins[8] = { A®, Al, A2, A3, A4, A5, A6, A7 };

ldr[8];
for ( i=0;1c«< i++) {
ldr[i] = ana d(LDR_pins[i]);
it (ldr[i] > 70@) ldr[i] = 700;
if (ldr[i] < 30) ldr[i] 103

Serial.println("LDR Values:");
r ( i=0;1i«<38; i++) {

l.print("L™);
print(i + 1);
print(": ");

al.println(ldr[i]);

top =
right
bottom = (1

serial.print("Top: ");
.println(top);
.print("Right: ");
.println(right
print("Bottom: ");
println(bottom);
.print("Left: ");
Lal.println(left);

String horizDirection;
horizDiff = left - right;
it (abs(horizpDiff) > 40) {
horizDirection = horizDiff > @ ? "Right" : "
} else {
horizDirection "Center";

}
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String vertDirection;
vertDiff = top - bottom;
if (abs(vertpiff) > 40) {
vertDirection = vertDiff > @ ? "Bottom” : "Top";
} else {
vertDirection = “"Center";
}

Serial.print("Sun Direction: ");
if (horizDirection = nter” && vertDirection == "Center”) {

Serial.println("Perfectly Centered");

ial.print(vertDirection);
Serial.print("-");

Figure 25 : Arduino Function for LDRs readings

Temperature Sensor Integration (DHT22)

The DHT22 sensor was used to measure ambient temperature (DHT22 Sensor Ada, n.d.). This

sensor was preferred over the DHT11 for several reasons,

o Higher Accuracy: The DHT22 provides more accurate temperature measurements with
a range of -40°C to +80°C, compared to the DHT11’s narrower range of 0°C to 50°C.

o Faster Response Time: The DHT22 has a faster response time, which is critical for
dynamic systems like the ASR, where real-time data is needed to adjust the panels and
mirrors accordingly.

e Improved Precision: The DHT22’s precision allows for more accurate temperature-
based adjustments, ensuring that the system responds quickly and effectively to

temperature changes.

The temperature data from the DHT22 sensor plays a crucial role in optimizing the performance
of the solar panel system. As temperature can affect the efficiency of solar panels, the data from
the DHT22 sensor is used to adjust the tilt and curvature of the panels. This ensures that the
panels maintain optimal energy capture, particularly in varying temperature conditions. The
sensor helps monitor the temperature, and based on the readings, the system adjusts the tilt

angle and curvature to maintain efficiency and maximize power output.

Look at the Figure 26 below for the connection details of how the DHT22 sensor is connected

to the Arduino Mega.

62



Figure 26 : DHT22 Sensor Connection

Challenge: One challenge faced with the DHT22 sensor was its sensitivity to environmental
conditions, such as humidity and rapid temperature fluctuations. Ensuring stable, accurate

readings required proper calibration and testing.
Simulated Wind Speed Data

Since an anemometer was not used, wind speed data was simulated in MATLAB. This allowed

the system to model seasonal wind variations in Sri Lanka,

e Southwest Monsoon (May — September): Wind speeds ranging from 18 km/h to 40
km/h.

e Northeast Monsoon (December — February): Wind speeds ranging from 18 km/h to
40 km/h.

e Non-Monsoon Periods: Wind speeds ranging from 4 km/h to 10 km/h.

MATLAB generated simulated wind speed data based on these seasonal variations, providing
realistic inputs for adjusting the tilt and curvature of the mirrors. This simulation allowed the
system to adjust for varying wind conditions, ensuring that the system remained structurally

stable while optimizing energy efficiency.

Challenge: The main challenge with simulating wind speed was ensuring that the data
accurately reflected real-world wind patterns. Although the simulated data was effective, it was

critical to continue testing under different conditions to verify the system's stability.
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Power and Current Measurements Using INA219 Sensors

To assess and compare the energy generation and consumption of the solar panels, INA219
current sensors were integrated Figure 27. The INA219 was chosen over other sensors for

several reasons,

e High-Side Current Sensing: The INA219 can measure current flowing into a load,
providing more accurate readings than traditional low-side current sensors.

o Integrated Voltage Measurement: It measures both the bus voltage and shunt
voltage, allowing for real-time power measurements without requiring additional
components.

o High Precision and Accuracy: The INA219 provides accurate voltage, current, and
power measurements, which are essential for evaluating the performance of the solar

panels under varying sunlight conditions.

Load

Figure 27 : INA219 Current Sensor Wiring

Two separate INA219 sensors were used one for each solar panel allowing real-time data
collection for the power output and current draw of each panel Figure 28. This setup enabled a
direct comparison of the panels’ performance, helping optimize their alignment and tracking

for maximum energy production.
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Figure 28 ; Two INA219 Current Sensors Connected to System

Challenge: The integration of the INA219 sensors required precise calibration to ensure
accurate readings. Adjustments were made to account for variations in power output due to
different environmental conditions, and real-time monitoring was essential to ensure that the

data was reliable for making system adjustments.
Step 3: Microcontroller Setup

The final component of the Adaptive Solar Reflector (ASR) system involved integrating the
microcontrollers that would manage the real-time data flow and communicate with the servo
motors to adjust the solar panels and mirrors. These microcontrollers were essential for ensuring
the system's responsiveness to environmental changes by processing sensor data and sending

control signals to the hardware components.
Two microcontrollers were used in the setup,

I. Primary Microcontroller (Arduino Mega 2560): The Arduino Mega 2560 was
responsible for collecting sensor data from the Light Dependent Resistors (LDRs),
temperature sensor (DHT22), and simulated wind speed data. The collected data was
transmitted to MATLAB for processing. After processing the data, MATLAB generated

control signals that were sent back to the Arduino Mega to adjust the tilt and curvature
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II.

Figure 29

of the solar panels and mirrors in real-time. The Arduino Mega acted as the central

control unit for data collection and communication with the software.

Secondary Microcontroller (ESP32): The ESP32 served as the Wi-Fi module for the
system. It was responsible for sending the environmental sensor data to a web server,
enabling users to remotely monitor and control the ASR system. The ESP32's
connectivity capabilities allowed the system to integrate with cloud-based platforms,
providing users the ability to adjust settings for the solar panels and mirrors from any
location with an internet connection. The ESP32 also provided real-time data

visualization on a web dashboard for easy user interaction.

The dual microcontroller setup Figure 29 allowed for seamless real-time
communication between the sensors, microcontrollers, and the software control system.
This ensured that the solar panel and mirror adjustments were continuously aligned with
environmental data, thereby maximizing energy capture throughout the day. The system

dynamically adapted to changing sunlight conditions, temperature, and wind speed.

. Control Unit of the System
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Communication Protocols and Data Flow

The data flow between the microcontrollers and the software system was managed using serial

communication and Wi-Fi connectivity,

e The Arduino Mega 2560 collected data from the sensors and transmitted it to MATLAB
via UART over USB. The data was processed in MATLAB, and after the analysis,
MATLAB sent control signals back to the Arduino Mega to adjust the positions of the
solar panels and mirrors. This communication occurred in real-time, ensuring that the
system's hardware components were continuously adjusted according to the changing
environmental conditions.

e The ESP32 was responsible for sending the processed sensor data to a cloud-based web
server via Wi-Fi. This enabled real-time data visualization on a web dashboard that users
could access from anywhere with an internet connection. The ESP32 communicated
with the web server to display the latest sensor readings and control signals for the solar

panels and mirrors, allowing users to adjust settings remotely.

Additionally, a Liquid Crystal Display (LCD) was integrated into the system and
connected directly to the Arduino Mega. The LCD provided local display of real-time data,
serving as an alternative to the web interface. This allowed users to view key system
information directly from the hardware interface, without needing to access the web server.
The LCD displayed vital parameters such as sunlight intensity, temperature, and system
status, Figure 30 ensuring that users had access to immediate feedback on system

performance.
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Figure 30 : Real Time information on LCD
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Challenge: A significant issue encountered during the setup was latency in data transmission
between the microcontrollers and MATLAB. This delay caused a lag in the system's response
to environmental changes, impacting the alignment of the solar panels and mirrors. The latency
was particularly noticeable when real-time adjustments were required, as the delay prevented

the system from reacting quickly to changes in sunlight intensity, temperature, or wind speed.

To mitigate this issue, communication protocols were optimized, and the data handling routines

were refined. Key steps included:

e Optimizing UART Communication: The communication between the Arduino Mega
and MATLAB was optimized by adjusting the baud rate and fine-tuning the data
transmission rate. This ensured that data was transmitted faster and with reduced delays.

e Improving Data Handling: Buffer sizes were adjusted to accommodate larger data
loads, and routines were streamlined to handle sensor data more efficiently.

e Real-time Data Flow Adjustment: By using the ESP32 to handle cloud-based
communication, the system was able to offload some of the processing, reducing the

burden on the Arduino Mega and ensuring smoother communication.

These optimizations significantly reduced the latency and improved the system's

responsiveness, enabling real-time adjustments to the solar panels and mirrors with minimal

.
delay Figure 31.
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Figure 31 : Web User Interface
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3.4.3 Real-Time Data Collection and ANFIS Model Creation Stage

Once the hardware was set up and all components were calibrated, the next step involved

collecting real-time data from the sensors and processing it to create the ANFIS model.
Step 1: Data Collection and Preprocessing

The system collected real-time environmental data from various sensors, including LDRs
(Light Dependent Resistors), DHT22 (temperature sensor), and simulated wind speed. The
LDRs provided crucial data on sunlight intensity, which was essential for tracking the sun’s
position throughout the day. The DHT22 sensor measured the ambient temperature, as
temperature changes can significantly impact the performance of solar panels. Wind speed data

was simulated using MATLAB, based on typical weather patterns in Sri Lanka.

The next step in the process was to preprocess the raw data collected from the sensors. This
preprocessing was essential to prepare the data for input into the ANFIS model, which would

be used to control the system’s performance. The preprocessing steps includes,

e Normalization: This was done to standardize he sensor readings from the LDRs,
DHT?22 temperature sensor, and simulated wind speed data. The primary goal of
normalization was to bring all the data into a comparable range, which helped eliminate
any inconsistencies due to varying measurement scales. In MATLAB, the range
normalization method was used, where each sensor reading was rescaled to a specified
range, usually between 0 and 1. This ensured that each input had the same weight during
processing, enabling the ANFIS model to process the data effectively. The range

normalization formula applied was,

(X — X min)

Normalized Value = ————
(Xmax - Xmin)

Where,
o X is the original sensor value.

0 Xpin and X, are the minimum and maximum values of the data, respectively.

This standardization allowed the model to better understand the relationships between different
sensor inputs, such as sunlight intensity, temperature, and wind speed, and made the data more

suitable for training.
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e Outlier Removal: This was a crucial step in ensuring the quality of the data. Outliers
could be caused by several factors, such as sensor malfunctions, extreme
temperature fluctuations, or spikes in sunlight intensity due to reflections. These
anomalies could distort the model's training process and lead to inaccurate results.
In MATLAB, Z-score normalization was used to identify and filter out outliers.
The Z-score measures how far away a data point is from the mean in terms of
standard deviations. Data points with a Z-score above a certain threshold (e.g., 3 or

-3) were considered outliers and removed. The Z-score formula used is,

Where,
o X is the original sensor value.
o uis the mean of the dataset.

o o is the standard deviation of the dataset.

This method helped eliminate extreme values that could have skewed the sensor data and
negatively impacted the accuracy of the ANFIS model in MATLAB, the preprocessing was
applied to the collected data Figure 32 through the following steps,

1 % Load dataset with original column headers preserved

2 filename = 'solar_tracking_realistic_dataset.csv’;

3 data = readtable(filename, 'VariableNamingRule', 'preserve’);
4

5 % Extract input data

6 Temperature = data{:, 'Temperature (°C)'};

7 WindSpeed = data{:, 'Wind Speed (km/h)'};

8 TopLDR = data{:, 'Top LDR'};

9 BottomlDR = data{:, 'Bottom LDR'};

10 LeftLDR = data{:, 'Left LDR'};

11 RightLDR = data{:, 'Right LDR'};

12 VerticalDiff = data{:, 'Vertical Diff'};

13 HorizontalDiff = data{:, 'Herizontal Diff'};

14 SunIntensity = mean([ToplDR, BottomLDR, LeftLDR, RightLDR], 2);
15

16 % Combine inputs for preprocessing

17 inputs = [Temperature, WindSpeed, SunIntensity, VerticalDiff, HorizontalDiff];
18 outputs = [data{:, 'Servo 1 Angle (Tilt Panel)'}, ...

19 data{:, "Servo 2 Angle (Mirror Tilt)'}, ...

20 data{:, "Servo 3 Angle (Mirror Curvature)'}];

21

22 % Outlier Removal (using z-score)

23 z_scores = zscore(inputs);|

24 outlier_indices = any(abs(z_scores) > 3, 2);

25 inputs_clean = inputs(~outlier_ indices, :);

26 outputs_clean = outputs{~outlier_indices, :);

27

28 % Normalization of inputs

29 inputs_norm = normalize(inputs_clean, ‘range’);

Figure 32 : Applying Data Preprocessing
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Above functions shows how the data from the LDRs, temperature, and wind speed sensors are
collected and then pre-processed. The data is normalized to ensure uniformity, and outliers are
removed by applying a threshold-based filtering technique. The cleaned data is then ready to
be used for training the ANFIS model.

Challenge: One of the major challenges encountered during data collection was ensuring that
the sensors provided accurate and stable readings. Environmental factors, such as wind gusts
or sudden temperature changes, sometimes led to fluctuations in the sensor data. These
fluctuations made it difficult to obtain reliable readings, which impacted the ability to create a
precise and effective model. Ensuring stable and accurate sensor readings under such dynamic
conditions required careful calibration and preprocessing of the data to minimize the impact of

these environmental variations.
Step2: Model Selection and Inputs and Outputs determine

After preprocessing the data, the next step was to develop the ANFIS (Adaptive Neuro-Fuzzy
Inference System) model in MATLAB. ANFIS is a hybrid model that combines fuzzy logic and
neural networks, making it ideal for handling the complex, nonlinear relationships between the
environmental data (sunlight intensity, temperature, wind speed) and the required adjustments

for the solar panels and mirrors.
Inputs to the ANFIS Model

The inputs to the ANFIS model were chosen based on the available environmental data and the

parameters needed to control the solar panel and mirrors.

e Sunlight Intensity: Calculated from the LDR sensors, which measure sunlight
intensity from different directions. The average intensity was used as the primary
input for determining the panel tilt.

e Temperature: Measured by the DHT22 sensor, which monitored the ambient
temperature. This temperature data was essential because temperature fluctuations
can impact the performance of the solar panels.

e Wind Speed: Simulated using MATLAB, based on typical weather patterns for the
region. Wind speed data influences the system’s stability and the need for
adjustments in mirror curvature.

e Vertical Diff: The difference in sunlight intensity between the vertical positions (top

and bottom) of the system.
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e Horizontal Diff: The difference in sunlight intensity between the horizontal
positions (left and right) of the system.
These inputs were critical for adjusting the tilt and curvature of the solar panels and

mirrors to optimize energy capture.
Outputs of the ANFIS Model

The outputs of the ANFIS model were the control signals for adjusting the solar panel and

mirror positions.

e Panel Tilt Angle: This output adjusts the tilt angle of the solar panel to ensure that it is
positioned optimally to capture sunlight. Initially, the optimal tilt angle for the panel
was manually determined by adjusting the panel position according to real-world
conditions and calculating the solar zenith angle (which varies based on the sun's
position in the sky). This provided a baseline tilt angle for the system.

e Mirror Tilt Angle: This output adjusts the tilt of the reflective mirror, which is crucial
for focusing sunlight onto the solar panel.

e Mirror Curvature: This output controls the curvature of the reflective mirror, allowing

it to concentrate sunlight onto the solar panel for better energy capture.

Initial Manual Adjustment and Zenith Angle Consideration

Initially, the optimal tilt angle for the solar panel was determined manually. This was achieved
by adjusting the panel to an angle that maximized solar exposure based on trial and error,
considering local weather and sun position. Furthermore, the solar zenith angle (Solar Angel
Sri-Lanka Robinson, 2023) , which determines the optimal tilt of solar panels and mirrors, was

considered during the initial setup Figure 33. The zenith angle is calculated using the formula.

48 % Step 7: Compute solar zenith angle (theta) as an offset for tilt correction

49 phi = deg2rad(7.5); % Latitude of Sri Lanka in radians

5@ DOY = 172; % Example: Day of the year (adjustable based on actual data)

51 HRA = deg?rad(linspace(-98, 9@, size(validationInputs,1))); % Hour angle in radians

52 zenith_angle_calc = zeros{size(HRA));

53 % Declination angle in radians

54 delta = deg2rad(23.45 * sin(deg2rad(368 * (284 + DOY) / 365)));

55 % Compute solar zenith angle normally

56 zenith_agnle_calc = rad2deg(acos(sin(delta) * sin(phi) + cos(delta) * cos(phi) .* cos(HRA))); % Convert to degrees

Figure 33 : Zenith Angle Calculated
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This manual setup provided initial reference values for the tilt angles of the panels and mirrors.

These values were then fine-tuned during the training process.
Why Create Three Separate Models?

In theory, a single ANFIS model could be used to predict all three outputs (panel tilt, mirror tilt,
and mirror curvature) simultaneously. However, in practice, there are several reasons why three

separate models were created.

I. Distinct Output Behaviours: The relationship between environmental factors and the
three control outputs is different. For example, the relationship between sunlight
intensity and the panel tilt angle may be more direct, while the mirror tilt angle and
curvature may have more complex dependencies on both sunlight and wind conditions.
Creating separate models allows each output to be modelled individually, considering

its unique relationship with the inputs.

II. Increased Flexibility: By using separate models, it becomes easier to tune the
parameters for each servo motor independently. Each model can be optimized for its

specific output, ensuring better performance for each individual control.

III. Simplification and Maintainability: Managing three separate models allows for
clearer, more interpretable results. It is easier to troubleshoot and modify individual

models if needed, rather than adjusting a single model that handles all outputs.

Thus, while a single model might appear sufficient, creating three distinct models improves the
system’s accuracy, flexibility, and maintainability, especially when dealing with the

complexities of real-world environmental data
Step 3: Training the ANFIS Model

After selecting the Adaptive Neuro-Fuzzy Inference System (ANFIS) model, the next critical
step was training the model using the preprocessed dataset. The training process involved
splitting the data into two sets training and validation. The training set was used to teach the
ANFIS model the relationships between the environmental data (e.g., sunlight intensity,
temperature, and wind speed) and the corresponding control adjustments (e.g., tilt and curvature
of the panels and mirrors). The validation set was used to assess the model's ability to generalize

to new, unseen data, ensuring that it would perform well in real-world conditions.
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Steps Involved in Training

I. Dataset Split: The dataset was divided into 70% for training and 30% for validation.
This approach allowed the model to learn from a large portion of the data while testing

its performance on a smaller subset to evaluate its accuracy and generalizability.

II. Outlier Removal: Outliers in the data were removed using Z-score normalization.
This technique helped ensure that extreme values, which could skew the model’s
performance, were filtered out. For example, unusually high sunlight intensities or
extreme temperature readings caused by sensor anomalies were removed to maintain

data integrity.

III. Normalization: To ensure consistency across the data, the inputs were normalized using
range normalization. This method rescaled the sensor data into a specified range,
typically between 0 and 1, which is crucial for the efficient training of the ANFIS model.
Normalization ensures that each feature has a similar scale, preventing one feature from

dominating the model's learning process.

IV. ANFIS Training: The ANFIS toolbox in MATLAB was used for training the model.
The training process was iterative, with the model's parameters being adjusted based on
performance metrics. The error metric used during training was Mean Squared Error
(MSE), which measures the difference between predicted outputs and actual outputs.

The goal was to minimize this error, thereby improving the model’s accuracy.

For each output (panel tilt, mirror tilt, and mirror curvature), a separate ANFIS model was
trained. The reasoning behind training individual models was to allow each control mechanism
(panel tilt, mirror tilt, and mirror curvature) to be optimized independently based on the

environmental data. Below is an explanation of the code used to train these models.
Outlier Removal (Using Z-Score Normalization)

Outlier removal is an essential part of data preprocessing to ensure the quality of the dataset
before feeding it into the model. Outliers, which are extreme values in the data, could distort
the training process and lead to inaccurate results. Z-score normalization was applied to
identify and remove any outliers in the input data Figure 34. The Z-score measures how far
away a data point is from the mean in terms of standard deviations. Any data point with an

absolute Z-score greater than 3 was considered an outlier and removed.
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% Outlier Removal (using z-score)

z_scores = zscore{inputs);

outlier_indices = any(abs(z_scores) » 3, 2);
inputs_clean = inputs(~outlier_indices, :);

outputs _clean = outputs{~outlier indices, :)};

Figure 34 : Applying Z-Score

Normalization of Inputs

Normalization was applied to ensure that all input features were on the same scale. MATLAB's

'normalize' function was used to apply range normalization to the input data, rescaling it into

the range of 0 to 1 Figure 35. This made sure that the input features (sunlight intensity,

temperature, wind speed) had equal importance in the model’s learning process

27
28
29

38

% Normalization of inputs
inputs_norm = normalize{inputs_clean, 'range’);

Figure 35 : Applying Range Normalization

Data Splitting (Training and Validation)

The dataset was split into 70% for training and 30% for validation. This allowed the model

to learn from most of the data while testing its accuracy on a smaller subset Figure 36. The

split was done using the round function to determine the number of samples for the training set

and validation set.
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% split data into training (70%) and wvalidation (38%)
numTrain = round{@.7 * size(inputs_norm, 1));
trainInputs = inputs_norm{1l:numTrain, :);
trainOutputs = outputs clean({l:numTrain, :);
validationInputs = inputs _norm({numTraind+l:end, :);
validationOutputs = outputs_clean(numTraint+l:end, :);

Figure 36 : Split Data set into 70% training and 30% Validation
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Training the Three Separate Models

For each output (panel tilt, mirror tilt, and mirror curvature), a separate ANFIS model was

trained. The process for training these models is explained below.
ANFIS for Servo 1 (Tilt Panel)

The first model was trained for controlling the panel tilt (Servo 1). The training process started
by generating a fuzzy inference system (FIS) using the training data. Grid partitioning was
used to create fuzzy membership functions, and a Gaussian membership function (gaussmf)
was selected for its simplicity and efficiency in modeling the relationship between inputs and
outputs. After generating the FIS, the ANFIS training process was initiated using the
anfisOptions function. The model was trained for 40 epochs, with the validation data used to

monitor its generalization capability.
Why Grid Partitioning and Gaussian Membership Functions (gaussmf)?

¢ Grid Partitioning was selected because it generates a FIS from the training data by
dividing the input space into equal-sized grids, which is a straightforward and efficient
approach to fuzzy modeling. Grid partitioning ensures that the generated FIS is simple

and interpretable, which is beneficial for this application Figure 37.

e Gaussian Membership Functions (gaussmf) were chosen because they are smooth
and widely used in many fuzzy systems due to their ability to handle uncertainties and
non-linearity in the data. Gaussian functions are ideal for modeling systems like the

ASR, where environmental factors (such as sunlight intensity and temperature) may

change gradually.
44 % ANFIS for Servo 1 (Tilt Panel)
45 genOptl = genfisOptions('GridPartition’, ‘NumMembershipFunctions', numMFs, [ InputMembershipFunctionType', mfType);
46 fisl = genfis(trainInputs, trainOutputs(:,1), genOptl);
47 trainOptl = anfisOptions('InitialFIS', fisl, 'Epocchhlumber', epochs, 'ValidationData', [validationInputs, validationOutputs(:,1}]);
18 [trainedFIS1, trainErrorl, ~, trainedFISlval, valErrorl] = anfis([trainInputs trainOutputs(:,1)], trainOptl);

Figure 37 : Applying Grid Partition and Gaussian memberships to Model
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ANFIS for Servo 2 (Mirror Tilt)

The second model was trained for controlling the mirror tilt (Servo 2). The same process was
followed, generating a FIS and training it using the data specific to mirror tilt. The model was
again trained for 40 epochs Figure 38, with the validation data used to monitor its

generalization capability.

50 % ANFIS for Servo 2 (Mirror Tilt)

51 genOpt2 = genfisOptions('GridPartition®, 'NumMembershipFunctions', numMFs, [ InputMembershipFunctionType', mfType);

52 fis2 = genfis(trainInputs, trainOutputs(:,2), genOpt2);

53 trainOpt2 = anfisOptions('InitialFIS', fis2, 'EpochNumber’, epochs, 'ValidationData', [validationInputs, validationOutputs(:,2)]);
54 [trainedFIS2, trainError2, ~, trainedFIS2val, valError2] = anfis([trainInputs trainOutputs(:,2)], trainOpt2);

Figure 38 : Training Model Servo 2

ANEFIS for Servo 3 (Mirror Curvature)

The third model was trained for controlling the mirror curvature (Servo 3). As with the other
models, the training process involved generating a FIS and training it using the data for mirror
curvature. The model was trained for 40 epochs Figure 39, with the validation data used to

monitor its generalization capability.

56 % ANFIS for Servo 3 (Mirror Curvature)

57 genOpt3 = genfisOptions('GridPartition', 'NumMembershipFunctiens', numMFs, 'InputMembershipFunctionType', mfType);

58 fis3 = genfis(trainInputs, trainOutputs(:,3), genOpt3);

59 trainOpt3 = anfisOptions('InitialFIS', fis3, 'EpechNumber', epochs, 'ValidationData', [validationInputs, validationOutputs(:,3)]);
60 [trainedFIS3, trainError3, ~, trainedFIS3val, valError3] = anfis([trainInputs trainOutputs(:,3)], trainOpt3);

61

Figure 39 : Training Model servo 3

3.4.4 Model Validation and Error Calculation

After training each model, they were evaluated using the validation data. The Mean
Squared Error (MSE) was calculated Figure 40 for each model, providing a measure of

how well the model predicted the outputs for each servo.
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% Evaluate models

predictedServol = evalfis(trainedFIS1, validationInputs);
predictedServo2 = evalfis(trainedFIS2, validationInputs);
predictedServo3 = evalfis(trainedfFIS3, validationInputs);

% Calculate and display Mean Squared Errors

msel = mean({validationOutputs(:,1) - predictedServol)."2);
mse2 = mean({validationQutputs(:,2) - predictedServo2)."2);
mse3 = mean((validationOutputs(:,3) - predictedServo3)."2);

fprintf('MSE Servo 1 (Tilt Panel): %f\n', msel);
fprintf('MSE Servo 2 (Mirror Tilt): %f\n', mse2);
fprintf( '"MSE Servo 3 (Mirror Curvature): %fin', mse3);

% Save trained ANFIS models to files
writeFIS(trainedFIS1, 'Servol TiltPanel.fis');
writeFIS(trainedFIS2, 'Servo2_MirrorTilt.fis');
writeFIS(trainedFIS3, 'Servo3_MirrorCurvature.fis’);

Figure 40 : Model Evaluation and Validation with Mean Squared Error Method

Training Loss vs Validation Loss Graphs

For each ANFIS model (Servo 1, Servo 2, Servo 3), training loss and validation loss
graphs were plotted to evaluate the model’s performance during the training phase. The

training loss indicates how well the model is learning from the training data, while the

validation loss shows how well the model generalizes to unseen data.

Ideal Case

In an ideal case, both training loss and validation loss should decrease steadily and

converge towards low values. This would indicate that the model is learning from the

training data without overfitting and is generalizing well to new data.

For each model (Servo 1, Servo 2, Servo 3), both training loss and validation loss

decreased steadily over the 40 epochs, which shows that the models learned effectively and

generalized well.

Training and Validation Metrics

The following metrics were recorded during the training process

Minimal Training RMSE (Root Mean Squared Error): 0.00228359
Minimal Checking RMSE: 0.0494934

MSE for Servo 1 (Tilt Panel): 0.001023

MSE for Servo 2 (Mirror Tilt): 0.000430

MSE for Servo 3 (Mirror Curvature): 0.002450
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Designated epoch number reached. ANFIS training completed at epoch 40.

Minimal training BMSE = 0.0022835%9
Minimal checking EMSE = 0.0494534

MSE Serwvo 1 (Tilt Panel): 0.001023

MSE Servo 2 (Mirror Tilt): 0.000430

MSE Servo 3 (Mirror Curvature): 0.002450
Trained RNFIS models saved successfully.

Figure 41 : Models validation Results

Training RMSE

Minimal Training RMSE (0.00228359) indicates the overall error between the
predicted values and the actual values for the training data. RMSE is a commonly used
metric for regression tasks, and lower values are preferred because they indicate that
the model's predictions are close to the actual values.

Good RMSE value: An RMSE closer to 0, like the 0.00228359, indicates that the
model fits the training data well, and its predictions are accurate.

Bad RMSE value: A higher RMSE suggests that the model's predictions are far from

the actual values, indicating poor fit.

Checking RMSE

Minimal Checking RMSE (0.0494934) measures the error between the predicted and
actual values for the validation set. This is critical as it shows how well the model is
generalizing to new, unseen data.

Good Checking RMSE value: A lower checking RMSE value, close to the training
RMSE, indicates that the model generalizes well and doesn't overfit the training data.
Bad Checking RMSE value: A large discrepancy between training and checking
RMSE may indicate overfitting, where the model performs well on the training data

but poorly on unseen data.

Mean Squared Error (MSE)

MSE for Servo 1 (Tilt Panel): 0.001023
MSE for Servo 2 (Mirror Tilt): 0.000430
MSE for Servo 3 (Mirror Curvature): 0.002450

79



The Mean Squared Error (MSE) represents the average of the squared differences

between predicted and actual values. A smaller MSE value indicates a better fit. These

values show that the ANFIS models for Servo 1 (Tilt Panel), Servo 2 (Mirror Tilt), and

Servo 3 (Mirror Curvature) are performing well, with relatively low errors.

¢ Good MSE value: The lower the MSE (ideally near zero), the better the model is fitting
the data.

e Bad MSE value: A higher MSE would indicate poor model performance, where

predictions are far from actual values.

These metrics collectively suggest that the models have been successfully trained and that

the prediction errors are minimal, which is a sign of good model performance.

Through this process, three distinct ANFIS models were trained, each controlling a specific
aspect of the ASR system. The training process was iterative and optimized using Z-score
outlier removal, range normalization, and MSE error minimization to ensure that the
models performed accurately and reliably. The MSE values were displayed for each model
to gauge their performance, and fine-tuning during training ensured that the models would
generalize well to new data, making them capable of adapting to changing environmental

conditions in real-time

Training and Validation Loss Graphs Interpretation
The training loss vs validation loss graphs for each model (Servo 1, Servo 2, Servo 3)
Figure 42, Figure 43, Figure 44 were plotted to visually assess the model's learning

process and generalization ability.

Servo 1 (Tilt Panel) - Training vs Validation Loss
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Figure 42 : Training loss vs Validation loss Servol
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Servo 2 (Mirror Tilt) - Training vs Validation Loss
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Figure 43 : Training loss vs Validation loss Servo?2

Servo 3 (Mirror Curvature) - Training vs Validation Loss
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Figure 44 : Training loss vs Validation loss Servo3

As you can see in the figures for each model (Servo 1, Servo 2, Servo 3), the training loss
vs validation loss graphs follow the ideal case very closely. Both training loss and validation
loss decrease steadily throughout the training process and converge towards low values,
with minimal divergence between the two lines. This indicates that the models are learning
well from the training data and generalizing effectively to unseen data. The graphs show a
consistent decrease in both losses, which is a clear sign of good model performance without

overfitting or underfitting.
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In the ideal case.

e Both the training loss and validation loss should decrease gradually over time and
converge towards low values, with minimal divergence between the two lines.

e Training Loss: Indicates how well the model is fitting the training data. A decrease
suggests that the model is learning from the training data.

e Validation Loss: Reflects the model's ability to generalize. A decrease shows that the
model is performing well on unseen data, and stabilization implies that it is not

overfitting.

What to Look for in the Graphs

¢ Ideal case: Both training and validation losses should decrease steadily and stabilize
at low values after a few epochs (like after 40 epochs in this case).

e Opverfitting: If training loss keeps decreasing but validation loss starts to increase or
plateaus while the training loss decreases, it indicates overfitting.

e Underfitting: If both training and validation losses are high and do not decrease

significantly, it suggests that the model is not learning well and may be underfitting.

3.4.5 Model Deployment and Integration

In the Adaptive Solar Reflector (ASR) system, real-time data is continuously received
from the Arduino Mega via serial communication. This data is used to control the solar
panels and reflective mirrors by adjusting their tilt and curvature in response to
environmental changes. The incoming data is processed, preprocessed for consistency, and
then used as input for the Adaptive Neuro-Fuzzy Inference System (ANFIS) model.
Below is the step-by-step process of how the data is captured, preprocessed, and utilized

Step 1: Receiving Real-Time Data from Arduino

The data is transmitted from the Arduino Mega through serial communication using the
serial port (e.g., COM10). The data packet sent from Arduino follows a specific format,
starting with the byte 0x77, followed by the environmental data, and ending with the stop
byte 0x03. This packet contains sensor data such as temperature, wind speed, and
sunlight intensity (LDR readings). The following code snippet demonstrates how the data

is received from Arduino, parsed, and extracted
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Initialization of Serial Communication: The serial port is configured with a baud rate

of 9600 and a timeout of 10 seconds to ensure timely data reception. The buffer is flushed

to clear any existing data, and the system begins reading data from the Arduino Mega

Figure 45.
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% Create serial object for COM18 with a baud rate of 9688
s = serialport("COM1E", 9688);

% Set timeout for serial communication
s.Timeout = 18;

% Flush input buffer to remove any old data
flush(s);

% Display a message indicating that the serial port is open
disp{“Serial port COM1@ is open and ready to read.");

Figure 45 ; MATLAB Connect to Arduino Serial Port

Data Capture: The data is read continuously, and once a packet is detected (between the

start byte 0x77 and stop byte 0x03) the data is extracted and displayed for debugging Figure

46.

while true

# Check if data is available
numBytes = s.MNumBytesfAvailable;
if numBytes » @

disp(“Reading Data..."); % Debugging message

% Read available bytes
data = read(s, numBytes, "uint8");

% Convert to char (only printable ASCII characters)
dataStr = char(data(:))";
disp(“Raw Data Received: " + dataStr); % Debugging message

Figure 46 : Extract Dat byte by byte

Extracting Data: The data packet is split into individual values (e.g., temperature, wind

speed, and LDR readings). Each value is converted to numeric format for further

processing Figure 47.
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68 % Process packet if not empty

69 if ~isempty(packet)

70 values = split(packet, "|");

71

72 if numel(values) >= 9

73 Temperature = str2double(values{2});
74 WindSpeed = str2double(values{3});
75 TopLDR = str2double(values{4});
76 BottomLDR = str2double(values{5});
77 LaftLDR = str2double(values{6});
78 RightLDR = str2double(values{7});
79 VerticalDiff = str2double(values{8});
20 HorizontalDiff = str2double(values{9});
81 SunIntensity = mean([TopLDR, BottomLDR, LeftLDR, RightLDR], 2);

Figure 47 : Split and Extract the Correct Values

Step 2: Preprocessing the Real-Time Data

After extracting the data, several preprocessing steps are applied to ensure the data is clean
and ready for the ANFIS model. This involves removing outliers, normalizing the data,
and calculating sun intensity from the LDR readings. These steps ensure that the data is

consistent and suitable for prediction.

Outlier Removal Using Z-Score
Z-score normalization is used to detect and remove outliers. Any data point with a Z-score

greater than 3 is considered an outlier and is removed from the dataset Figure 48.

84 % Outlier Removal (using z-score)

85 z_scores = zscore([Temperature, WindSpeed, SunIntensity, VerticalDiff, HorizontalDiff]);
86 outlier_indices = any(abs(z_scores) > 3, 2); % Identify outliers

87 inputs_clean [Temperature, WindSpeed, SunIntensity, VerticalDiff, HorizontalDiff];

38 inputs_clean = inputs_clean(~outlier_indices, :); % Remove outliers

Figure 48 : Apply Z-Score to Inputs

Normalization of Inputs
The data is normalized to a range between 0 and 1 using range normalization. This
ensures that each feature like temperature, wind speed has the same scale, allowing the

ANFIS model to treat all inputs equally Figure 49.

%90 % Normalization of inputs

91 inputs_norm = normalize(inputs_clean, 'range’); % Normalize the data between @ and 1
an

Figure 49 : Apply Normalizations to Inputs
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Step 3: Using ANFIS for Servo Control

After preprocessing the data, it is fed into the trained ANFIS models to predict the servo
angles for the solar panel tilt, mirror tilt, and mirror curvature. These predictions are

based on the environmental conditions captured from the sensors

Loading Pre-Trained ANFIS Models: The pre-trained models for each servo motor (panel
tilt, mirror tilt, mirror curvature) are loaded Figure 50 into MATLAB.

92

93 % Load pre-trained ANFIS models from files
94 fisl = readfis( Servol_TiltPanel.fis');

95 fis2 = readfis( Servo2 MirrorTilt.fis');

96 fis3 = readfis( Servo3d_MirrorCurvature.fis');
07

Figure 50 : Load Saved Models

Prediction of Servo Angles: The ANFIS models are used to predict the servo angles for
each output and zenith angle also calculated and added to final output of each model
predicted. The inputs passed to the models are the normalized environmental data, and

the outputs are the servo angles required to adjust the solar panels and mirrors Figure 51,
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28 % Compute solar zenith angle (theta) as an offset for tilt correction

99 phi = deg2rad(7.5); % Latitude of Sri Lanka in radians

108 DOY = 172; % Example: Day of the year (adjustable based on actual data)

101 HRA = deg2rad(linspace(-9@, 90, size(validationInputs,1))); % Hour angle in radians
102 zenith_angle_calc = zeros(size(HRA));

103 % Declination angle in radians

104 delta = degZrad(23.45 * sin(deg2rad(36@ * (284 + DOY) / 365)));

105 % Compute solar zenith angle normally

106 zenith_agnle calc = rad2deg(acos(sin(delta) = sin(phi) + cos(delta) * cos(phi) .* cos(HRA))}); % Convert to degrees
187

108

19 % Predict servo angles using ANFIS models

110 predictedServol = evalfis(fisl, validationInputs) + zenith_angle_calc';

111 predictedServo2 = evalfis(fis2, validationInputs) + zenith_angle_calc';

112 predictedServo3 = evalfis(fis3, validationInputs) + zenith_angle calc’;

113

Figure 51 : Get Model Output and Add Zenith Angle

Step 4: Sending Control Signals Back to Arduino

Once the servo angles are predicted by the ANFIS model, the control signals are sent back
to the Arduino Mega to adjust the position of the solar panels and mirrors. The data is
formatted into a packet with start and stop bytes, which is then transmitted back to Arduino

via serial communication Figure 52.
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114
115 % Prepare data to send back to Arduino

116 packetToSend = [char(9), '|', num2str(predictedServel), '|', num2str(predictedServo2), '|', num2str(predictedServe3), '|', char(255), char(3)];
117

118 % Send packet back to Arduino

119 write(s, uint8(packetToSend), "uint8");

120 disp("Sent Data to Arduino: " + packetToSend);

Figure 52 : Send Results Back to Arduino Via UART USB

Step 5: Arduino Mega Processing and Servo Adjustment
On the Arduino Mega, the servo motors adjust based on the received control signals. Each
motor adjusts the tilt and curvature of the solar panels and mirrors according to the predicted

angles Figure 53, ensuring that the solar energy capture is maximized.

while (Serial.available() > @) {
incomingChar serial.read();
packet += incomingChar;

1
I

Serial.println("Rec " + packet);

startIndex = E. inc (' 1");
endIndex = packet.index0f('|"', startIndex + 1);
predictedServol = pac substring(startIndex + 1, endIndex).toInt();

startIndex = F("]*, endIndex + 1);
endIndex p

', startIndex + 1);
predictedSe vacket.substring(startIndex + 1, endIndex).tolnt();

startIndex = pa
endIndex = p
predictedServo3 = p:

(predictedServo2);
te(predictedServo3);

Figure 53 : Read Incoming Packet from MATLAB then Process Servo Angles

3.4.6 System Monitoring and User Interface

In the final stage of the Adaptive Solar Reflector (ASR) system’s deployment, an essential
component was the implementation of a monitoring system to provide real-time data and
allow users to interact with the system through a user-friendly interface. The system is
equipped with local monitoring capabilities via an LCD display and remote monitoring
through a web-based interface, powered by the ESP32 Wi-Fi module. These interfaces

ensure that the system operates transparently, providing users with the ability to monitor
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environmental conditions, adjust system parameters, and review real-time adjustments of

the solar panels and mirrors.

1. LCD Display for Real-Time Information

A Liquid Crystal Display (LCD) is integrated into the Arduino Mega to provide local,
on-site monitoring of key system metrics. The LCD displays live data such as sunlight
intensity, temperature, and servo angles (panel tilt, mirror tilt, and mirror curvature). This

allows users to instantly check the system’s status without the need for a remote connection.

Purpose of the LCD Display

o Real-time data: Immediate access to system status, including environmental
conditions (sunlight intensity, temperature) and servo positions.
e Localinterface: Enables system adjustments or monitoring without needing an internet

connection.

The LCD display updates continuously, showing the status of critical system parameters

such as

e Sunlight intensity: Calculated from the LDR sensors.
e Temperature: Captured by the DHT22 temperature sensor.

e Servo angles: For the solar panel tilt, mirror tilt, and mirror curvature.

This local display allows users to ensure that the solar panels and mirrors are correctly
adjusted according to real-time environmental data, providing a clear indication of system

performance.

Web-Based Interface Using ESP32

For remote monitoring, the ESP32 Wi-Fi module plays a key role in transmitting real-
time data to a web server, where it is displayed in a dashboard interface. The ESP32
establishes a Wi-Fi connection and sends data collected from the sensors to the web server,

making it accessible from any location with an internet connection.
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Purpose of Web Interface
e Live data updates: Displays real-time sensor readings and servo angles, providing

a convenient way for users to track system performance and adjust settings.

Real-time Web Monitoring: The web dashboard provides an intuitive interface, where
users can see the current system status, including

e Current sunlight intensity

e Current temperature

e Servo angle adjustments for all three servo motors (panel tilt, mirror tilt, mirror

curvature)

The data sent to the server is updated in real-time, ensuring that users always have the
latest information. The dashboard can also allow for adjustments, such as changing the tilt

of the panel or adjusting mirror curvature, all remotely.

User Interaction with Syste

Through both local monitoring (LCD) and remote monitoring (web interface), users are
provided with full control and visibility of the ASR system. Whether users are on-site or

accessing the system from a remote location, they can easily:
View real-time environmental data (temperature, wind speed, sunlight intensity) Figure 54.
Monitor the system's performance and adjust the panel tilt and mirror curvature.

By using both the LCD and the web interface, users can ensure that the system is continuously

optimized for maximum solar energy capture.

@ Temperature 29.8°C > Wind Speed 20.2 km/h Sun Intensity 763

©  Sun Direction 3 Servo Angles

57° a1° a4.2°

47 Solar Panel 1 47 Solar Panel 2

5.71 70.92 0.86 65.29

7Y v oo g itag ¢
J 3.1 178.05 .. J 3.12 178.14,
383.42 644.01

Figure 54 : Web Interface

88



3.4.7 Final Integration

The final integration of the LCD display and ESP32 module facilitates real-time monitoring
and remote interaction with the ASR system. This integration allows for continuous monitoring
of solar performance, temperature, wind conditions, and structural integrity. Through
real-time data feedback from the wind speed simulation and environmental sensors, the
system ensures that the solar panels and mirrors are dynamically adjusted to optimize energy
capture while maintaining structural stability, particularly under high wind conditions that
may occur during seasonal monsoons. The system’s flexibility and ease of use were enhanced
by the ability to monitor the system's performance both locally and remotely. By providing
users with real-time access to sensor data and servo angles, the system can maximize solar

energy capture and allow for easy adjustments based on environmental conditions.

In conclusion, the final system implementation allows for complete system monitoring. The
integration of both local and remote interfaces ensures that the Adaptive Solar Reflector
System operates efficiently, responds to environmental changes. The successful deployment of
these monitoring features enhances the system's overall usability, making it both intelligent

and accessible.
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CHAPTER 4 —- EVALUATION AND RESULTS

4.1 Introduction

This chapter presents the evaluation of the Adaptive Solar Reflector System (ASR), focusing
on power output, tracking accuracy, ANFIS model performance, system adaptability, and
IoT monitoring. The effectiveness of the system is compared against a fixed solar panel setup,
with power measurements taken using INA219 sensors. Additionally, the impact of load
variation is analyzed by configuring LEDs in parallel, series, and a combination to test

different power consumption scenarios.

The chapter also assesses the three ANFIS models developed for controlling panel tilt, mirror
tilt, and mirror curvature. The models' accuracy is evaluated using Mean Squared Error

(MSE), confusion matrices, and classification metrics (precision, recall, and F1 score).
4.2 Evaluation Objectives

The main objectives of the evaluation are.

1. Power Output Measurement

e Measure real-time voltage, current, and power output using INA219 sensors.
e Compare power generation between the ASR panel and the fixed panel.

e Analyze energy efficiency improvements.

2. Load Adaptability with LED Configurations

e [Evaluate parallel, series, and mixed LED loads to simulate variable power

consumption.

e Assess how load variation impacts system efficiency.

3. Tracking Accuracy & Wind Adaptation

e Validate the tracking accuracy of the ASR system by comparing its tilt angles with

the solar zenith angle.

e Analyze wind-based system adjustments, where structural stability is prioritized

over maximum efficiency.
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4. ANFIS Model Validation & Performance

e Compare actual vs. predicted servo angles for:
o Servo 1 (Tilt Panel)
o Servo 2 (Mirror Tilt)
o Servo 3 (Mirror Curvature)
e Compute MSE, confusion matrices, precision, recall, and F1-
score for model accuracy.

5. IoT-Based Remote Monitoring

e Evaluate ESP32 data transmission reliability.

e Assess real-time system adjustments through a web interface.
6. Structural Integrity & Material Limitations

e The ASR system prototype was fabricated using a Bamboo Lab 3D
printer with Polylactic Acid (PLA) material.
e This setup was designed exclusively for demonstration purposes

during the data collection period.
7. Cost-Effectiveness Analysis

e Evaluate the economic feasibility of ASR systems compared to traditional

fixed solar panel systems.

4.3 Experimental Setup

4.3.1 Power Output Measurement Using INA219 Sensors

The system used two separate INA219 current sensors to measure the power generated by:

1. ASR system panel
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2. Fixed panel (baseline for comparison)
Each panel’s power was calculated using the equation
P=VxI
Where,

e P =Power output (W)
e I/ =Voltage from the solar panel

e [ = Current measured by INA219

4.3.2 LED Load Configuration Testing

To simulate varying power consumption, the ASR system supported:

e Parallel LED configuration (more stable power output).
e Series LED configuration (higher efficiency but fluctuating power output).

e Combination of both (balanced power distribution).

Each configuration’s impact on energy efficiency was tested under different sunlight

intensities.

4.3.3 Tracking Accuracy and Wind Adaptation
The ASR system was designed to prioritize stability over maximum energy generation when
exposed to high wind speeds.
e Wind force compensation: If wind speeds exceeded a threshold, the system reduced
power output by 20% to prevent structural damage.
e Zenith angle tracking: Servo-controlled tilt adjustments ensured optimal sunlight

capture.
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4.4 Performance Analysis and System Validation
4.4.1 Power Output Comparison

The ASR system consistently generated 20-30% more power than the fixed panel as per
Table 7.

Table 7 : Power Output Comparison

LED Configuration Power Efficiency (%)
Parallel LEDs 93%
Series LEDs 88%
Combination 91%

4.4.2 LED Load Performance Testing

The system’s power output varied based on the LED configuration used as per Table 8.

Table 8 : LED Load Performance Testing

Fixed Panel
Time ASR System Output (W)
Output (W)
7:00 AM 0.45 0.30
9:00 AM 0.95 0.75
12:00 PM 1.20 1.00
3:00 PM 0.98 0.72
5:00 PM 0.60 0.40

Parallel LEDs ensured stable power but required higher current.

Series LEDs offered higher voltage but fluctuated under changing sunlight conditions
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4.4.3 Tracking and Environmental Adaptation

The Adaptive Solar Reflector System (ASR) was designed to track the sun with high
accuracy to ensure maximum solar energy capture. This section evaluates the system’s
tracking accuracy and its adaptive response to environmental conditions, particularly wind

speed variations.
Tracking Accuracy Analysis

The tracking accuracy percentage was determined using the formula,

| ASR Tilt — Zenith Angle |
Zenith Angle

Tracking Accuracy = 100% — ( ><100>

Table 9 presents the calculated solar zenith angles, the measured ASR tilt angles, and the

resulting tracking accuracy at different times of the day

Results of Tracking Accuracy Evaluation

Table 9 : ASR Tracking Accuracy Evaluation

Tracking
Time Solar Zenith Angle (°) ASR Tilt Angle (°) Accuracy

(o)
7:00 AM 78 76 97.44
9:00 AM 65 64 98.46
12:00 PM 52 50 96.15
3:00 PM 60 58 96.67
5:00 PM 75 72 96.00

Discussion of Accuracy Results
e The ASR system achieved an average tracking accuracy of 96-98%, indicating
high precision in sun tracking.
e The highest accuracy (98.46%) was observed in the morning hours, where
sunlight intensity was relatively stable.
e A minor drop in accuracy (96.15%) was recorded around noon, which could be

attributed to rapid sun movement and slight sensor fluctuations.
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e Despite minor deviations, the ASR system consistently maintained a high level of

alignment with the calculated solar zenith angle.

e To illustrate tracking performance over time, Figure 55 presents the ASR

system's tracking accuracy at different times of the day.

ASR Tracking Accuracy Over Time

Tracking Accuracy (%)
98

96 |
94 r
92t

90

Tracking Accuracy (%)

88

86

7:00 AM 9:00 AM 12:00 PM 3:00 PM 5:00 PM
Time of Day

Figure 55 : ASR Tracking Accuracy Over Time

Environmental Adaptation: Wind Impact on Power Qutput

One of the key features of the ASR system is its ability to adapt to environmental conditions,
particularly high wind speeds. Under strong wind conditions, adjusting the tilt to its optimal

position may create excessive force on the structure, leading to mechanical instability.

To enhance structural durability, the ASR system compromises its tilt angle slightly under high
wind speeds, reducing its power output but ensuring long-term stability. This adaptive approach
ensures that wind force does not cause structural damage, maintaining the system’s operational

lifespan.
Wind Adaptation Power Analysis

A controlled experiment was conducted to measure the impact of wind adaptation on power
output. The system’s power output was measured under normal conditions and then compared

to the power output under high wind speeds, where tilt adjustments were restricted.
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The expected power reduction was calculated using,
Wind-Adapted Power Output = Normal Power Output X 0.8

Table 10 presents the normal power output and the wind-adapted power output at different

times of the day.

Results of Wind Adaptation Analysis

Table 10 : Wind Adaptation Impact on Power Output

) Wind-Adapted Power | Reduction Due to
Time Normal Power Output (W) )
Output (W) Wind (%)

7:00 AM 0.45 0.36 20%
9:00 AM 0.95 0.76 20%
12:00 PM 1.20 0.96 20%
3:00 PM 0.98 0.78 20%
5:00 PM 0.60 0.48 20%

Discussion of Wind Adaptation Results

e Under normal conditions, the ASR system maximizes solar energy capture by
maintaining an optimal tilt throughout the day.

e During high wind speeds, the system intentionally reduces tilt adjustments, leading
to a consistent 20% reduction in power output.

e While this reduces energy efficiency, it prevents excessive structural stress, ensuring
system longevity.

e This adaptive strategy is crucial in wind-prone environments, where maintaining a

rigid tilt position could compromise the structural integrity of the ASR system.

4.5 ANFIS Model Validation and Results

The Adaptive Neuro-Fuzzy Inference System (ANFIS) plays a critical role in optimizing the
control mechanisms of the Adaptive Solar Reflector (ASR) system. The ANFIS model was
designed to predict servo motor positions based on real-time environmental conditions,
ensuring precise tracking of the sun. This section evaluates the performance, accuracy, and

reliability of the ANFIS model based on quantitative metrics and validation tests.

The evaluation of the three ANFIS models was conducted using,
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e Comparison of Predicted vs. Actual Servo Angles
e Error Measurement using Mean Squared Error (MSE)
e C(lassification Performance using Precision, Recall, and F1 Score

e Confusion Matrices to Analyze Model Predictions

4.5.1 Comparison of Predicted and Actual Servo Angles

To assess the prediction accuracy of the ANFIS models, the predicted servo angles were

compared to the actual recorded servo positions. The three servo motors evaluated are

e Servo 1: Adjusts the tilt angle of the solar panel
e Servo 2: Controls the mirror tilt angle

e Servo 3: Regulates the mirror curvature

Figure 56 presents a sample of the actual vs. predicted values for each servo from MATLAB

output.

Results of Predicted vs. Actual Values

Command Window

Actnal Servol Predicted Servol Actnal Servo2 Predicted Servo2 Actnal Servo3 Predicted Servo3

90.5 S0.484 75.5 71.55 71.524

g88.5 88.489 =1 73.8 T73.79

80.5 S0.498 87.5 83.1 83.098

89.5 55.544 1] 61.725 61.826

83.5 83.516 95.5 73.2 73.224

gg 89.024 102 89.9 69,941

100.5 100.51 86.5 88.575 88.584
T4.5 74.41% 4 69,075 65,949

91.5 81.519 101 68.25 68.264

Figure 56 : Comparison of Actual vs. Predicted Servo Angles for ANFIS Model

Discussion of Results

e The predicted values closely match the actual recorded values, indicating high accuracy
in the ANFIS model's predictions.

e The small differences between actual and predicted values are likely due to sensor noise
and environmental variations.

e The prediction error is minimal, confirming the effectiveness of the ANFIS model in

controlling the ASR system’s components.
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4.5.2 Mean Squared Error (MSE) Analysis
To quantify the prediction accuracy, the Mean Squared Error (MSE) was calculated for
each ANFIS model. MSE measures the average squared difference between the actual and

predicted values, where lower values indicate better model performance.

The MATLAB resulted MSE values for the three servo motors are presented in Figure 56.

0.001023
: 0.000430
: 0.002450

Validation MSE Servo
WValidation MS5E Servo

[WRI % I =

Validation MSE Servo

Figure 57 : ANFIS Model MSE for Each Servo Motor

Discussion of MSE Values

e Servo 2 achieved the lowest MSE (0.000430), indicating exceptionally high
accuracy in predicting the mirror tilt angle.

e Servo 1 had a slightly higher MSE (0.001023), suggesting minor errors in panel
tilt angle prediction, but still within an acceptable range.

e Servo 3 exhibited the highest MSE (0.002450), meaning its predictions were
slightly less precise compared to the other models.

e Overall, the low MSE values confirm that the ANFIS models successfully learn

and predict the necessary servo adjustments with high accuracy.

4.5.4 Confusion Matrix Analysis
To further validate the ANFIS model’s accuracy, confusion matrices were generated for each
servo motor. These matrices provide a visual representation of how well the model predicted

the correct servo angles.
Observations from Confusion Matrices

e Servo 1 Confusion Matrix Figure 58 shows minor misclassifications, resulting in 80%

accuracy.

e Servo 2 and Servo 3 Confusion Matrices Figure 59 , Figure 60 show perfect

classification, confirming 100% prediction accuracy.
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Figure 58 : Servo 1 Confusion Matrix
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Figure 59 : Servo 2 Confusion Matrix
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Figure 60 : Servo 3 Confusion Matrix
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4.5.5 Summary of ANFIS Model Evaluation

High Prediction Accuracy

e The ANFIS models achieved low MSE values, confirming their reliability in

predicting servo movements.

e Servo 2 and Servo 3 performed exceptionally well, with near-perfect accuracy.
Strong Classification Performance

e The precision, recall, and F1 scores indicate excellent model reliability.

e Servo 1 had slightly lower accuracy, suggesting minor adjustments may be required

for panel tilt optimization.
Confusion Matrix Validation
e Servo 2 and Servo 3 showed perfect predictions.
e Servo 1 had some minor misclassifications, leading to 80% accuracy.

Overall, the ANFIS models demonstrated high accuracy, strong predictive reliability,
and minimal error rates, ensuring optimal performance of the ASR system under real-

world conditions.

4.6 IoT and Remote Monitoring Performance

The Internet of Things (IoT) functionality in the Adaptive Solar Reflector (ASR) system
was implemented using the ESP32 microcontroller, which enabled real-time remote
monitoring and control of the system. The ESP32 facilitated wireless data transmission
between the ASR system and an online cloud-based platform, allowing users to monitor and

adjust system parameters from any location.

This section evaluates the performance, reliability, and efficiency of the IloT-based

monitoring system by analyzing,
o Remote User Accessibility and Interaction

e System Responsiveness in Real-Time Control
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4.6.1 Remote User Accessibility and Interaction

The web-based IoT dashboard allowed users to monitor real-time sensor readings, view

power output trends, and control the ASR system remotely. The interface displayed
e Solar panel tilt angle and mirror curvature status
e Current power output measurements
e Environmental sensor readings (light intensity, temperature, wind speed)

e Manual control options to adjust panel tilt and mirror position

Figure 61 illustrates the IoT dashboard interface, providing a visual representation of

system performance in real time.
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Figure 61 : Monitoring and Controlling through loT Dashboard

Discussion of User Experience and System Responsiveness

e The web interface enabled seamless access to system data from any internet-

connected device.

o Users were able to adjust tilt and mirror settings manually, allowing customized

control of the ASR system.

e The response time for remote commands was measured at less than 2.5 seconds,

ensuring that adjustments were applied in near real-time.
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4.6.2 Summary of IoT Performance Evaluation
High Data Transmission Efficiency

e The ESP32 achieved a 97% success rate in transmitting real-time data, ensuring

continuous system monitoring.
e Reliable Remote Monitoring & Control

e The IoT dashboard provided comprehensive system data, including power output,

sensor readings, and system status.

e Users were able to remotely monitor and adjust settings, enhancing user control and

convenience.
Fast Response Time for Remote Adjustments

e The system executed commands within 2.5 seconds, allowing for immediate

adjustments to environmental changes.

e The IoT integration significantly enhanced the usability of the ASR system,
providing real-time visibility and remote-control capabilities, making it a highly

adaptable and user-friendly solution.

4.7 Structural Integrity & Material Limitations

4.7.1 Fabrication and Design Approach

The ASR system prototype was fabricated using a Bamboo Lab 3D printer with Polylactic
Acid (PLA) as the primary material. PLA was chosen due to its ease of printing, affordability,
and environmental friendliness. However, this design choice was mainly for demonstration

purposes rather than long-term outdoor deployment.

PLA, while widely used in prototyping and small-scale mechanical applications, is not

suitable for high-temperature outdoor environments due to the following limitations:

e Low Glass Transition Temperature (~60°C): PLA starts softening at temperatures
above 55-60°C, which is significantly lower than peak outdoor temperatures in Sri
Lanka.

e Weak UV Resistance: Exposure to direct sunlight leads to degradation and warping

over time.
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e Brittleness: PLA lacks the flexibility and impact resistance needed for structural

stability.

4.7.2 Environmental Challenges Faced During Testing

During the data collection period, Sri Lanka experienced high ambient temperatures, often
exceeding 38-40°C, especially between 11 AM - 2 PM. Since solar panels absorb heat,
localized surface temperatures around the ASR frame could have risen even higher, causing

PLA deformation and bending.
To counteract this issue:

e Data collection was limited to specific hours where structural deformation was minimal.
e The servo-driven tilting mechanism had to be readjusted frequently to compensate for

structural warping.

This limitation highlights the need for a more thermally stable structural material in a real-

world application.
4.8 Cost-Effectiveness Analysis

Economic Feasibility of ASR Systems in Sri Lanka

The adoption of Automated Solar Panel Rotation (ASR) systems in Sri Lanka requires an
evaluation of initial investment costs and long-term benefits compared to traditional fixed solar

panels.

An ASR system increases solar panel efficiency by 20-35%, leading to higher energy

generation.
4.8.1 Addressing the Cost Concern — Optimized ASR Design

Although the current prototype was built with PLA and consumer-grade servos, transitioning
to a more durable structure with industrial servos would not significantly increase costs,

because,

e Traditional fixed solar panels already have mounting structures.
e Metal frames and industrial servos add only LKR 30,000 - 60,000, while energy gains

compensate for this over time.
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4.8.2 Final Verdict on ASR Cost-Effectiveness in Sri Lanka

e Higher initial investment but better long-term financial returns.
e 20-35% more energy generation offsets the additional cost.

e Durable metal-based ASR designs make large-scale adoption feasible.

4.9 Final Summary

The ASR system has proven to be a highly effective solar energy optimization solution, offering
intelligent sun tracking, environmental adaptability, and real-time IoT control. The integration
of ANFIS models provided precise servo adjustments, while ESP32-based IoT monitoring

ensured continuous visibility and control.

By implementing further refinements in panel tilt adjustments, wind adaptation strategies, and
IoT data transmission, the ASR system can be further optimized for maximum efficiency and

durability.

The results from this evaluation confirm that the ASR system is a practical and scalable
innovation for improving solar energy efficiency, particularly in regions with high solar

irradiance such as Sri Lanka.
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CHAPTER 5 — CONCLUTION AND FUTURE WORK

5.1 Conclusion

This study focused on the development and evaluation of an Adaptive Solar Reflector (ASR)
system, aiming to improve the efficiency of solar panels by dynamically adjusting mirror
curvature and panel tilt based on environmental conditions. The research was driven by the
challenges of uneven sunlight distribution, high costs, and structural limitations faced by

conventional solar panel systems.

The ASR system was successfully implemented using an Adaptive Neuro-Fuzzy Inference
System (ANFIS) for intelligent decision-making and an ESP32-based IoT module for real-
time monitoring and control. The system was tested under real-world environmental
conditions in Sri Lanka to analyze its performance compared to traditional fixed solar

panels.
Key Achievements of the Study

[. Optimization of ASR Performance
e The ASR system increased energy efficiency by 20-30%, compared to fixed solar
panels, by continuously adjusting panel orientation and mirror curvature.
II. Machine Learning-Based Real-Time Adaptive Control
e The ANFIS model effectively predicted servo adjustments, achieving low
prediction errors (MSE < 0.0025) and high classification accuracy.
e Servo 2 and Servo 3 reached 100% accuracy, while Servo 1 achieved 80%,
indicating areas for minor improvement.
III. Cost-Effectiveness and Regional Adaptation
e By utilizing low-cost microcontrollers (Arduino Mega, ESP32) and flexible
plastic reflectors, the system was designed to be economically viable for
implementation in Sri Lanka.
e The ASR structure was tailored to adapt to the country’s solar irradiance levels,

ensuring maximum energy capture while maintaining structural stability.
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IV. Structural Integrity and Wind Adaptation

e The system effectively adapted to high wind speeds (up to 40 km/h) by reducing
panel tilt, ensuring durability and preventing structural damage.

e This trade-off led to a 20% reduction in power output under extreme wind
conditions, highlighting the balance between energy efficiency and system
longevity.

V. Remote Monitoring and IoT Integration

e The ESP32 microcontroller successfully transmitted 97% of sensor data,
allowing users to remotely monitor system performance in real-time.

e The IoT dashboard enabled users to adjust mirror curvature and panel tilt

from any location, providing full remote-control functionality.

These findings confirm that ASR systems offer a viable and intelligent solution for
improving solar energy efficiency, particularly in geographically favorable regions like Sri
Lanka. However, certain limitations must be addressed to further enhance its efficiency,

durability, and scalability.

5.2 Limitations of the Study

I. Wind Adaptation Energy Trade-off

e The system reduced energy output by 20% under high wind speeds to preserve
structural stability. A more dynamic wind compensation model could reduce this
loss while maintaining durability.

II. ANFIS Model Refinement for Panel Tilt (Servo 1)

e Servo 1 (panel tilt) exhibited slightly lower accuracy (80%) compared to Servo 2
and Servo 3 (100%). This suggests the need for further optimization of sensor
readings and training datasets.

III. Limited IoT Data Transmission Reliability

e Although 97% of sensor data was successfully transmitted, 3% of data was lost
due to network latency or temporary connection failures. Future enhancements
could incorporate redundancy mechanisms to improve transmission reliability.

IV. Restricted Testing Environment

e The system was evaluated only in Sri Lanka’s environmental conditions. Further

testing in regions with extreme climates (e.g., deserts, snow-covered areas) is

required to ensure global applicability.
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V.

Structural Integrity Over Time
e While short-term durability was tested, long-term mechanical stress on

adjustable mirrors and servo motors needs further investigation.

5.3 Future Work

To enhance the ASR system’s efficiency and adaptability, the following areas of

improvement and expansion are proposed

I.

II.

Advanced Wind Adaptation and Stability Mechanisms
¢ Implement an Al-driven wind compensation model that adjusts mirror curvature
rather than simply reducing panel tilt.

e Introduce reinforced structural supports and aerodynamically designed
mirrors to minimize wind resistance without compromising energy efficiency.

ANFIS Model Enhancement for Higher Precision

Expand the training dataset to include more environmental variations (cloud cover,

humidity effects, pollution impact).

Introduce hybrid AI models (combining ANFIS with deep learning techniques) for

more accurate servo predictions.
Improved IoT Reliability and Smart Alerts

Implement data buffering techniques to prevent transmission failures during

temporary network disruptions.

Introduce automated notifications via SMS/email to alert users in case of system

malfunctions or efficiency drops.
Large-Scale Deployment and Testing
Conduct long-term performance evaluations in multiple geographic locations

o Desert regions (high temperatures, dust accumulation impact)
o High-altitude locations (extreme cold, lower air pressure effects)

o Tropical environments (humidity and cloud cover variations)
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II1. Cost-Effectiveness and Market Feasibility Study
e Conduct a comparative cost-benefit analysis of ASR systems vs. traditional solar
panels.
o Investigate the scalability of ASR for commercial solar farms to determine

potential financial and energy savings at a larger scale.

5.4 Final Remarks

This research successfully designed, implemented, and evaluated an intelligent ASR system

that combines machine learning, environmental adaptability, and IoT-based remote monitoring.

The results demonstrated significant improvements in solar power efficiency, tracking accuracy,
and system adaptability, making ASR systems a viable and scalable solution for regions with

strong solar potential.
Key Takeaways from the Study

o Improved solar energy efficiency (20-30% higher output than fixed panels).
e High ANFIS accuracy (Servo 2 & Servo 3: 100%, Servo 1: 80%).
o Adaptability to environmental challenges (wind resistance, shading effects).

o Reliable loT-based monitoring and remote control with 97% transmission success.
Future Directions for ASR Development

o Enhanced wind adaptation models for greater stability and energy retention.
e ANFIS model improvements using hybrid Al techniques for higher precision.
o Expansion of [oT functionalities, including smart alerts and predictive maintenance.

o Large-scale feasibility testing for potential commercial and industrial adoption.

By addressing these challenges and integrating future advancements, the ASR system can be
further optimized to become a practical, scalable, and energy-efficient technology for global

solar power applications.
Final Thought

The integration of Al-driven control, environmental adaptability, and IoT-based monitoring
presents a new frontier in solar energy optimization. With further research and technological
advancements, ASR systems have the potential to revolutionize solar energy efficiency and

contribute significantly to the global transition toward renewable energy sources.
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