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Abstract. The rapid growth of solar photovoltaics has highlighted the need for effective strategies that maximize
energy yield, improve reliability, and reduce lifecycle costs. This paper presents an integrated approach to solar
power optimization that combines modelling, system design, and control techniques. Key areas addressed include
module orientation and tracking, mitigation of soiling and shading losses, and the application of predictive algo-
rithms for maximum power point tracking under variable irradiance. The study also explores techno-economic
optimization through the coupling of solar generation with energy storage, enabling improved dispatchability and
grid stability. The proposed framework provides a foundation for enhancing solar system performance and sup-

ports large-scale integration of renewable energy into modern power networks.
Keywords: solar photovoltaic, optimization, irradiance, renewable energy

Address for correspondence: William Takudzwa Charewa : Postal Address Harare Institute of Technology P. O.

Box BE 277, Belvedere, Harare
e-mail: williecharewa@gmail.com

Introduction. Solar energy is a leading renewable
source, yet its effective utilization is constrained by
shading, soiling, temperature variations, and fluctuat-
ing irradiance that reduce performance and compli-
cate grid integration [1]. Traditional optimization
methods such as solar tracking, maximum power
point tracking, and storage integration have improved
efficiency, but they often struggle with dynamic and
uncertain operating conditions. Recently, machine
learning algorithms have emerged as powerful tools
for forecasting solar irradiance, predicting system
faults, and enhancing real-time energy management.
However, there remains a need for integrated ap-
proaches that combine these intelligent methods with
technical and economic strategies to maximize effi-
ciency and reliability [3]. This paper addresses this
gap by presenting a framework for solar power opti-
mization that leverages machine learning alongside
conventional techniques to improve performance, re-
duce costs, and support large-scale renewable energy
adoption.

Literature Review. Recent solar energy research
highlights efforts to optimize system performance,
ensure grid stability, and reduce building energy de-
mand. Studies show that photovoltaic (PV) efficiency
is highly sensitive to external factors; optimization
via sun-following orientation can increase output by
up to 40 %, while dust contamination can reduce per-
formance by up to 75 % [2]. Accurate production
modelling remains challenging, especially when sys-
tems utilize inverter clipping to comply with non-util-
ity limits. Achieving 100 % renewable power requires
firm-dispatchable generation capacity equivalent to
over 100 % of average demand to balance VRE short-
falls. Implementing regional firm VRE strategies of-
fers a solution by enabling a multifield increase in
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Distributed PV (DPV) hosting capacity on local cir-
cuits. Simultaneously, building efficiency is ad-
dressed through passive strategies like integrating
Phase Change Material (PCM) and insulation, achiev-
ing up to a 17.3 % reduction in cooling load [4]. This
is critical for tackling energy equity, as thermal resil-
ience studies indicate low-income households face
disproportionately high peak cooling loads (up to
14.2 kW compared to high-income homes at 8.4 kW)
during heatwaves [5]. Finally, policy optimization
shows that achieving the lowest overall emissions is
highly location-specific (e. g., 100 % solar vs. 100 %
wind) and dependent on external factors like the PV
panel's manufacturing origin, which directly affects
its carbon intensity.

Solar Energy Losses And Challenges. Solar en-
ergy losses are influenced by a number of factors in-
cluding environmental and technical factors. If these
factors can be minimized, we can yield approximately
the maximum possible power.

Environmental Factors.

The environment is the major contributing factor
to the amount of harvested energy at any given time.
These includes:

Temperature: Efficiency of solar panels relies on
the temperature of the environment. As the tempera-
ture increases, efficiency decreases due to a reduction
of semiconductor bandgap. This results in a signifi-
cant drop in voltage hence a reduced overall power
output.

Irradiance: This is the amount of solar energy re-
ceived per unit area and is measured in (W/m?). If ir-
radiance increases, current output also increases pro-
portionally hence the overall power also increases.

Technical Factors. These are factors that come
along with the components of the system that is either
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the inverter, type of panels used. The inverter itself
comes with its own losses. Other losses come form
factors like mismatch losses:

Mismatch Losses: these are caused by variations
in power ratings of mainly the solar panels, different
shading of panels in the same strings and at times un
even dust or dirt on panels. The mismatch then results
in reduction of current and voltage by the lowest
panel in series and parallel connections respectively.

Invertor Losses: During the conversion of DC to
AC, there are associated losses caused by heat as well
as switching losses by MOSFETs or any switching
device used. These losses contribute to the overall so-
lar power losses.

The Drive for Energy Efficiency — Machine
Learning.
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Figure 1 — A basic block diagram of the existing solar
technology

The increasing global demand for clean energy has
intensified the focus on maximizing the efficiency of
solar photovoltaic (PV) systems. Energy efficiency in
solar systems is critical not only for reducing the cost per
kilowatt-hour but also for enhancing the reliability,
longevity, and environmental sustainability of solar
installations. Inefficiencies can arise from multiple
sources, including suboptimal module orientation,
shading, soiling, temperature fluctuations, and losses in
inverters or wiring. Improving efficiency therefore
requires both technological and operational innovations.
Advances such as maximum power point tracking
(MPPT), dual-axis solar tracking, and intelligent energy
management systems have contributed significantly to
performance gains. Recently, the integration of machine
learning algorithms has opened new avenues for
predictive maintenance, irradiance forecasting, and real-
time system optimization, enabling PV systems to
respond dynamically to changing environmental and
load conditions. By driving energy efficiency, these
innovations support higher energy yields, reduce
operational costs, and facilitate large-scale adoption of
solar energy as a sustainable power source. Machine
learning algorithms enabled irradiance and power
forecasting, fault detection and predictive maintenance
as well as performance enhancement under different
operating conditions.

Irradiance and Power Forecasting. Time-series
models such as LSTM (Long Short-Term Memory)
networks and gradient boosting methods predict
short- and medium-term solar irradiance and power

output, enabling more reliable energy management
and grid integration.

Fault Detection and Predictive Maintenance

Classification algorithms (e. g., SVM, decision
trees) and anomaly detection models monitor system
behaviour to identify degradation, inverter malfunc-
tions, or module defects early, minimizing downtime
and operational costs.

Performance enhancement under different operat-
ing conditions

Ensemble learning and deep reinforcement learn-
ing approaches enable solar systems to adaptively ad-
just to uncertainties such as weather fluctuations, soil-
ing, and component degradation, improving both
efficiency and reliability over long-term operation.
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Figure 2 — The intended system block diagram

Innovations And Future Directions. Several
overarching trends and innovations are shaping the
future of green energy harvesting. Future directions
involve the large-scale deployment of smart, autono-
mous solar systems capable of self-optimization and
adaptive response to environmental changes. Integra-
tion with the smart grid, edge computing for real-time
decision-making, and the development of circular
economy practices for PV recycling are expected to
play a major role. Continued research on scalable ma-
chine learning models, cost-effective storage integra-
tion, and resilient system architectures will drive the
next generation of solar energy solutions, supporting
global sustainability and energy transition goals.

Conclusion. Optimizing solar energy systems is
critical to enhancing efficiency, reliability, and eco-
nomic viability in the transition to renewable power.
This paper has highlighted key strategies for solar
power optimization, including conventional methods
such as maximum power point tracking, solar tracking,
and energy storage integration, as well as the emerging
role of machine learning in predictive forecasting,
intelligent control, and fault detection. By leveraging
data-driven approaches, solar systems can dynamically
respond to environmental variability and operational
challenges, achieving higher energy yield and
improved system resilience. The integration of
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machine learning with traditional optimization tech-
niques presents a promising pathway for large-scale,
sustainable deployment of solar energy. Future work
should focus on real-world implementation, multi-site
validation, and continued refinement of intelligent
algorithms to further enhance performance, reduce
costs, and support the global adoption of solar power.
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Abstract. This paper presents the design, simulation, and experimental validation of a synchronous buck converter
for maximum power point tracking (MPPT) charge controllers. Conventional buck converters suffer from diode
conduction losses that reduce efficiency, particularly in low-voltage, high-current applications. By replacing the
diode with a synchronously controlled MOSFET, the proposed converter achieves reduced power loss, smoother
current transfer, and enhanced overall efficiency. A half-bridge topology incorporating bootstrap driving, inductor-
based energy storage, and capacitor filtering was developed and tested. Both simulation and prototype results
confirm stable operation with low ripple, rapid MPPT response, and peak efficiency above 90 %. These findings
demonstrate that the synchronous buck converter is a superior alternative to traditional designs, enabling reliable

and efficient solar energy harvesting in next-generation PV charge controllers.
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Introduction. The growing demand for renewable
energy has accelerated the adoption of photovoltaic
(PV) systems. However, the output power of PV mod-
ules fluctuates with irradiance and temperature, which
reduces efficiency. Maximum Power Point Tracking
(MPPT) technology addresses these challenges by con-
tinuously adjusting the PV operating point to maximize
power output [1]. Among MPPT methods, the Incre-
mental Conductance (IncCond) algorithm offers accu-
rate tracking under rapidly changing irradiance, achiev-
ing efficiency improvements of 20-30 % compared to
traditional PWM controllers [2; 3].

In PV-based MPPT applications, DC-DC convert-
ers are essential for transferring energy efficiently.
Conventional buck converters are widely used, but di-
ode conduction losses limit their performance in low-
voltage, high-current charging scenarios [4]. The syn-
chronous buck converter, which replaces the diode
with a MOSFET, reduces conduction losses and
achieves efficiencies as high as 92 %. Similar optimi-
zation principles are also applied in wind energy sys-
tems, where MPPT and advanced fractional control
methods are employed to maximize energy capture
under variable wind conditions [5].

This work focuses on the design, modeling, simu-
lation, and hardware validation of a synchronous
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buck converter for MPPT-based solar charge control-
lers, aiming to maximize harvested power and im-
prove system efficiency.

System Description.

The synchronous buck converter, as applied in
maximum power point tracking (MPPT) charge
controllers, comprises several functional subsystems
that collectively ensure efficient energy conversion.
Its structural organization is illustrated in Figure 1.
Atthe core of the converter lies the switching
circuitry, implemented as a half-bridge configuration.
It has a bootstrap circuit, decoupling capacitors, and
appropriately sized gate resistors, which together
provide reliable drive for a pair of MOSFETs. The
primary MOSFET governs the transfer of energy
from the DC input source, while the synchronous
MOSFET substitutes the conventional freewheeling
diode due to its low conduction losses.

Energy storage and transfer are facilitated by an
inductor, which accumulates energy within its mag-
netic field when the primary MOSFET is conducting.
Upon switching off, the inductor releases the stored
energy to the load, thereby maintaining continuous
current flow and enhancing system stability.

The output stage is dominated by a capacitor func-
tioning as the principal filtering element. Its role is to
suppress high-frequency voltage ripple inherent to



