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Abstract

Background: Photovoltaic (PV)-based energy harvesting systems are crucial for ensuring the
sustainability and long-term operation of wireless sensor networks (WSNs), especially in remote or
infrastructure-less environments. Given the critical role of battery performance in WSN reliability,
efficient energy management through Maximum Power Point Tracking (MPPT) algorithms is essential to
adapt to variable environmental conditions such as solar irradiance and ambient temperature.

Objective: This study aims to comparatively assess the performance of four widely adopted MPPT
algorithms—Perturb and Observe (P&O), Incremental Conductance (IC), Fuzzy Logic (FL), and Particle
Swarm Optimization (PSO)—in enhancing battery charging efficiency in PV-powered WSNs under
dynamic environmental conditions.

Methods: A simulation-based evaluation framework was developed using MATLAB/Simulink to model a
PV-powered WSN system. Each MPPT algorithm was implemented and tested using the same
simulation conditions, with key performance metrics including voltage and current overshoot, response
time, energy transfer efficiency, and adaptability to fluctuating irradiance and temperature profiles. A
Proportional-Integral (Pl) controller was also used to manage the battery charging process, and
environmental profiles were varied across simulation periods to assess algorithm robustness.

Results: The PSO algorithm achieved superior performance across all metrics, demonstrating the
fastest response time (0.1 s), lowest overshoot (14.8 V, 25 mA), and highest energy transfer efficiency.
IC and FL methods showed balanced adaptability and performance, while P&O lagged in both
responsiveness and efficiency. The simulation results also confirmed that environmental conditions
significantly affect PV panel output and battery State of Charge (SoC), highlighting the necessity for
adaptive MPPT solutions.

Conclusion: This study provides a unified and realistic comparative analysis of major MPPT algorithms
for PV-powered WSNs. The PSO algorithm emerges as the most effective, though its computational
complexity may limitits application in low-power systems. IC and FL serve as promising alternatives for
scenarios with resource constraints. The findings contribute to the design of environmentally adaptive
and energy-efficient WSNs, paving the way for their robust deployment in real-world settings.

Index Terms

Photovoltaic; MPPT Algorithms; Wireless sensor networks; Battery charging; PSO; Maximum power
point tracking.
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1 INTRODUCTION

Wireless sensors are vital for Internet of Things (1oT) applications and often operate within wireless sensor networks
(WSNSs). These networks can be based on an existing infrastructure led by a base station or can be infrastructure-less
with decentralized coordination. WSNs have significantly impacted multi-hop wireless networks, finding
applications in environmental monitoring, structural monitoring, border protection, and healthcare, among others
(Ammari, 2014). A significant challenge for WSNs is energy efficiency. Since they are primarily battery-powered,
once the battery is depleted, a node is considered dead. Replacing or recharging these batteries can be costly and
logistically challenging, thereby affecting network performance. As a result, measures such as power control and
duty cycle-based operations have been introduced to optimize battery usage (Colesanti et al., 2011; Melikov &
Rustamov, 2012; You et al., 2021). However, these approaches might not fulfil the longevity requirements of certain
applications. Recent research suggests the use of energy harvesters, rechargeable batteries, and super capacitors to
achieve perpetual WSN operations (Alsharif et al., 2019). Given that WSNs play a critical role in various sensitive
applications, it's essential to ensure energy-aware solutions (Alsharif et al., 2015).

Energy Harvesting-based WSNs (EHWSNs) have the potential to provide endless power to nodes by harvesting
energy from environmental sources. The design of EHWSNs demands adaptability to environmental changes and
the development of efficient energy storage and usage protocols (Getahun et al., 2022). The energy harvester gathers
ambient or human-generated energy and converts it into electrical energy, while the power management module
either stores or delivers this energy to other system components (Sharma et al., 2018). The energy storage component
preserves the harvested energy. Meanwhile, the microcontroller and radio transceiver facilitate the node's ability to
transmit and receive information. The sensory equipment, combined with the A/D converter and memory, allows
the node to digitize analog signals, store the sensed information, and process data. Together, all these components
form a comprehensive system architecture for a wireless sensor node.

Energy harvesting (EH) refers to the process of generating electricity from non-traditional sources, such as solar
radiation, wind, thermal energy, and vibration, to power WSN. Solar-powered systems are among the most
promising EH approaches for WSNs. They provide a sustainable, affordable, and dependable energy option. Solar-
powered EH solutions provide many benefits over conventional power systems. They're eco-friendly, cost-effective,
and simple to keep up. Because they are not influenced by blackouts or other external interruptions, solar-powered
WSNis are noticeably more dependable. The energy captured by such WSNs is also more efficient than that captured
by more traditional means.

Wi-Fi networks are the backbone of the technology that makes smart homes, garages, and communities possible.
Due to high duty cycles, these WSN nodes can only function for a limited amount of time on their batteries. The
importance of this research rests in its solution to the power problem inherent in the design of nodes for WSNs. The
Photovoltaic (PV) energy generated by the sun is used by the suggested system to keep the WSN nodes running for
longer and improve their performance. Improvements to the efficiency of the solar panels, the regulated DC-DC
converter, and the rechargeable batteries are another focus of the study. The expanding IoT infrastructures of smart
buildings, smart parking, and smart cities rely heavily on such developments. In this study, the research focus is on
enhancing the efficiency of the harvesting system, which depends on the efficiency of the solar panels, the controlled
DC-DC converter, and the rechargeable batteries. The aim is to develop WSNs with improved power charging
efficiency, reliability, and scalability. The study will also explore the potential of using emerging technologies to
enhance the monitoring and optimization of these systems.

Recent studies emphasize the importance of renewable energy sources due to concerns about climate change and
pollution. Among these, EH devices are drawing attention as they transform environmental sources like solar,
thermal, and wind energy into electricity, with a particular focus on WSNs. Sucupira and Castro-Gomes (2021)
highlighted the benefits of materials added to energy capture parts for solar and thermal energy conversion,
suggesting further research is needed in this domain. Cao et al. (2022) explored the foundational technologies of
WSN and the omnipresent power IoT, emphasizing the data-gathering potential and future cross-professional
integration opportunities. However, there's a gap in discussions on utilizing the data efficiently. Singh et al. (2021)
presented a survey on the latest EH techniques and emphasized hybrid EH systems. They recognized the need for
further studies on challenges and research gaps linked to these systems. Mazunga and Nechibvute (2021) reviewed
advances in EHWSNS, stressing the importance of ultra-low power techniques. Akyildiz et al. (2002) provided
insights into Solar EHWSNSs, touching on efficiency, challenges, and future trends. Rokonuzzaman et al. (2021)
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introduced an EH system for smart home-building applications but lacked details on its real-world applications and
effectiveness. Antony et al. (2020) proposed a solar harvester for WSN nodes with hybrid energy storage. Yet, the
study fell short on discussing its practical applications and challenges. Sharma et al. (2018) evaluated two solar
energy harvester control techniques, proving MPPT to be superior to PWM. They proposed the exploration of
advanced MPPT algorithms for better efficiency. Anand et al. (2021) demonstrated the effectiveness of a solar EH
system with MPPT for WSN nodes but suggested room for further optimization.

The integration of EH mechanisms in WSNs has attracted growing attention due to the increasing demands for
sustainability, long-term deployment, and reduced maintenance costs in IoT ecosystems. Within EHWSNSs, solar
energy stands out as a prevalent and viable energy source. However, harvesting and managing this energy
efficiently presents numerous technical challenges. Despite the potential of MPPT algorithms to maximize energy
efficiency, practical implementation in WSNs poses several challenges. Sharma et al. (2018) emphasized the difficulty
of adapting MPPT controllers to fluctuating environmental conditions, which may lead to delayed responses or
mismatched power regulation. Similarly, Sucupira and Castro-Gomes (2021) noted that material characteristics and
energy storage limitations hinder the scalability of EHWSNSs, particularly under non-ideal solar irradiance
conditions. The computational constraints of low-power sensor nodes also limit the applicability of more advanced
MPPT algorithms. Various MPPT techniques have been proposed and analysed in the literature, but comparative
insights, especially under dynamic environmental conditions, remain limited.

Perturb and Observe (P&O) has been widely studied for its simplicity and ease of implementation. However, it is
prone to oscillations near the maximum power point and may not adapt well to rapid environmental changes
(Salman et al., 2018). Incremental Conductance (IC) was proposed to address the limitations of P&O by using slope
comparisons of the PV curve (Bagoglu & Cakir, 2015). It is more accurate but slightly slower and computationally
demanding. Fuzzy Logic (FL) controllers have gained attention for their ability to handle nonlinearities and
uncertainties in solar power systems. Narwat and Dhillon (2021) demonstrated that fuzzy-based MPPT techniques
can enhance energy conversion, though they require careful tuning of rule bases. Particle Swarm Optimization (PSO)
has been proposed in recent years as a global optimization solution. Gad (2022) showed that PSO-based MPPT
systems significantly outperformed classical techniques in terms of convergence speed and stability under diverse
conditions, albeit with increased computational complexity.

While individual studies have explored these algorithms, few works have systematically compared them in the
context of battery charging efficiency for WSNs under variable temperature and irradiance levels. This gap motivates
the present study.

Environmental conditions, especially solar irradiance and ambient temperature, have a profound impact on the
performance of MPPT algorithms. Reza Reisi et al. (2013) and Vinod et al. (2018) highlighted that both open-circuit
voltage and short-circuit current are highly sensitive to irradiance and temperature, affecting the position of the
maximum power point. Reza Reisi et al. (2013) categorized MPPT techniques and emphasized the need for
robustness against environmental fluctuations. Furthermore, Anand et al. (2021) conducted a performance analysis
of MPPT methods but focused on constant conditions without accounting for real-time environmental variability.
This underscores the importance of evaluating MPPT performance across fluctuating operating conditions, which is
a key contribution of the current study. Despite the variety of MPPT strategies available, the literature lacks:

¢ A unified comparative evaluation of P&O, IC, FL, and PSO in a realistic EHWSN simulation setting.

e A performance-based assessment with metrics such as overshoot, settling time, and SoC under dynamic
environmental inputs.

¢ An integration of environmental modelling (temperature, irradiance) with MPPT efficiency analysis in
battery charging.

This study addresses these gaps by designing a simulation framework that evaluates the performance of four major
MPPT algorithms under varying environmental conditions in terms of charging speed, overshoot minimization, and
energy harvesting efficiency.

The primary objective of this study is to evaluate and compare the performance of four distinct MPPT algorithms
(P&O, IC, FL, PSO) under different environmental conditions with respect to battery charging efficiency in WSNs.
The secondary objective is to identify the most optimal algorithm for real-time applications in EH-based WSNs in
terms of response time, overshoot, and scalability, supported by simulation-based performance metrics.

https://doi.org/10.18267/j.aip.267 424 https://aip.vse.cz


https://aip.vse.cz/

Acta Informatica Pragensia Volume 14, 2025

The structure of the study is as follows. The second section is organized to explain the materials and methods used
in this study. In the third section, the results obtained in the study are explained and discussed. Finally, the fourth
section concludes the study.

2 RESEARCH METHODS

Solar harvesting refers to the act of capturing and storing energy from the sun. Solar energy production is a
renewable energy technique that converts the sun's rays into usable forms like electricity, hot water, and heat using
various solar energy collectors like PV panels and solar thermal energy collectors (I. Ay et al., 2023; 1. Ay et al., 2022).
This method's rising popularity may be traced to its ability to lessen our reliance on fossil fuels and lower our energy
bills in comparison to other renewable power options. Solar energy collection has various potential uses, including
providing electricity to homes, offices, and manufacturing facilities. Figure 1 shows the solar EH in WSNs
(Ponnimbaduge Perera et al., 2018).

< Lo @ WPT - Wireless Energy Transfer
‘/ /A (@) ) IT - Information Transfer
' T : @

v \
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Sensor Type 03
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Figure 1. Energy harvesting in wireless sensor networks. Source: (Ponnimbaduge Perera et al., 2018).

EH has the potential to revolutionize WSNs by enabling them to be self-sustaining and operate in remote locations
without traditional power sources. This capability could diminish the need for costly and labor-intensive
maintenance of sensor nodes, making WSN operations more cost-effective and efficient. Moreover, solar EH might
allow WSNSs to function autonomously, expanding their application range and benefits. Therefore, solar powered
EH for WSNs could be a transformative technology for the industry. In this study, the proposed system design for
solar powered EH comprises: PV panel system, MPPT DC-DC buck converter, battery, and wireless sensor node.
The PV system for low power applications shown in Figure 2 (Hidalgo-Leon et al., 2022).

Solar cells
N
Dc/DC +
Power Converter
LOAD/
BATTERY
Control -
system
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Figure 2. Solar powered EH for WSN. Source: (Hidalgo-Leon et al., 2022).
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2.1 Photovoltaic panel system

The adoption of PV panels in low-power DC WSNss is on the rise. The merits of using PV panels are evident, they
offer a dependable and cost-effective energy source, capable of harvesting energy from the environment even during
overcast conditions. However, several challenges might arise, including fluctuating power output due to changing
environmental factors, reduced longevity from wear and tear, and occasional inadequate power production for the
nodes. Yet, even with these potential drawbacks, the advantages of integrating PV panels in DC low-power WSNs
underscore their significance in numerous applications (Hidalgo-Leon et al., 2022).

The current (I) circulates through the circuit, with the voltage (V) being measured across the resistor. The resistance
value of the resistor (Rs) is based on the electrical properties of the solar cell. Additionally, the diode (D) serves to
prevent current from flowing backward and to regulate the voltage.

Equations (1), (2) and (3) describe the operation of solar panels, which are made by connecting solar cells in parallel
and series.

I = [In + K(T = T,)] + (f—n 1)

The amount of current (IL) generated by a solar cell array is directly influenced by the light it receives. However,
other factors like the temperature (T) of the solar cell array and the solar radiation intensity (G) also play a crucial
role. If we consider a reference current (IL,n) produced at specific reference conditions of temperature (Tr) and solar
radiation (Gn), we can modify this current based on deviations from these reference conditions. A key parameter in
this adjustment is Ki, which represents how short-circuit current changes with a temperature variation. By tweaking
the reference values of temperature and solar radiation, one can effectively modulate the current output of the solar
cell array (Vinod et al., 2018).

ISc,n + Ki (T - Tr) (2)

VOc,n + Kv(T - Tr)) -1

I, =
€Xp (q* a.Ns-K.T

Voc,nis the working voltage in a vacuum at the reference temperature and solar radiation. Io is the saturation current
that varies according to the temperature. Isc,n is the nominal short current. Q is the electron charge which is equal
to 1.6x10-19 c. Ns is the number of serially connected solar cells. K is the Boltzmann constant which is equal to
1.38x10-23 J/K. Kv is the coefficient of change of the work effort over a vacuum due to the change in temperature.
Ego is the excitation energy for the semiconductor, and for silicon, it is Ego = 1.1. Lastly, a is the ideal condition
parameter. All these parameters are important for the proper functioning of solar cells (Vinod et al., 2018).

I'=1, — o [exp (L0 22) | - ©

aNg-KT Rp

The power that a solar cell array produces hinges on a few factors: current, voltage, and how the cells are connected.
By linking cells side by side, or in parallel, it boosts the current. On the other hand, lining them in series ramps up
the voltage. So, depending on the setup and number, the array's output can be adjusted for different needs (Cubas
et al., 2014).

2.2 DC-DC buck converters

Figure 3 showcases the buck converter, a type of DC/DC transformer made to reduce voltage levels. It works by
transforming a stronger voltage source, perhaps from a battery, into a diminished voltage ideal for running gadgets
or other equipment. Owing to its cost-effectiveness and superior performance, it's often preferred in various uses, as
pointed out in (Lakshmi & Raja, 2014).
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Figure 3. DC-DC buck converter.
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The input voltage range VIN (min) and VIN (max), the nominal output voltage (VOUT), the maximum output
current IOUT (max), and the integrated circuit used to build the buck converter. All this information is necessary to
get the right parameters for the calculations.

Switch current is calculated by first finding the duty cycle, D, for the highest input voltage. As the highest input
voltage produces the highest switch current (Equation (4)) (Hauke, 2015).

\%

Maximum Duty Cycle: D = 0T (4)
VIN (max) Xn

where Vour represented to output voltage and VIN (max) refer to maximum input voltage and 7 the efficiency of
converter.

Once an appropriate inductor has been chosen, the ripple current must be calculated to determine the maximum
switch current. The inductor value given in the converter's data sheet should be used as a starting point. Once the
ripple current has been calculated, the maximum switch current can be determined as in Equation (5) (Hauke, 2015).

(Vin(max) — Vour) X D ®)
fs X L

Inductor Ripple Current: AL;, =

When no inductor range is specified, the Equation (6) may be used to provide a decent approximation of the required
inductor value (Hauke, 2015).

L= Vour X (Vin — Vour) (6)
Al X fo X Viy

Schottky diodes are useful for lowering losses. The maximum output current is equivalent to the required forward
current rating (Equation (7) (Hauke, 2015). Where IF the average receiver diode forward current.

Ir = lour(max) X (1 = D) (7)

To minimize output voltage fluctuations, capacitors with lower capacitance have been used. Ceramic capacitors
rated X5R are perfectly suited for this. Equation (8) is used to work out the capacitance (Hauke, 2015).

co o Al 8)
OUT(min) 8 x fS < AVOUT

Where Cour (min) = minimum output capacitance, ALL = estimated inductor ripple current, fs=minimum switching
frequency of the converter and AVour = desired output voltage ripple.
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2.3 Maximum power point tracking

MPPT is a technique used in PV systems, wind turbines, and other renewable energy systems to optimize power
output by tracking the Maximum Power Point (MPP) and adjusting input voltage to maintain consistent output.
Factors like load operating voltage, cell temperature, and solar radiation can influence output power. To determine
the operational point, a variable load resistance is connected to the module's terminals. The peak power point is
located at the knee of the power curve. The module's internal impedance in Zone I is high, while in Zone II it is low.
As temperature rises due to solar radiation, internal impedance decreases, leading to increased short-circuit current
and decreased open-circuit voltage. The maximum power transfer theorem requires matching source and load
impedances. Figure 4 shows the MPPT I-P/V characteristics.

Maximum Power Point

Power / Current

Voltage

Figure 4. Maximum power point tracking. Source: (Reza Reisi et al., 2013).

MPPT algorithms such as Perturb and Observe (P&O), Incremental Conductance (IC), Fuzzy Logic (FL) Control, and
Particle Swarm Optimization (PSO) track the MPP by adjusting the WSN loads on PV panels to maintain the voltage
and current at the MPP.

For Multi-Phase Photovoltaic systems, the P&O method is commonly used. In this approach, a small change is
applied to the connected load of the solar panel, and the power output is measured. Once the MPP is identified, the
load is adjusted in the direction that yields higher power output. The P&O system continuously monitors the solar
panel's voltage and current output, making instantaneous adjustments to the load through a microcontroller or
control circuit. This control circuit can be programmed to intermittently perturb the load by a slight amount,
measuring the consequent variation in power output. While the P&O method is versatile and can easily be applied
to various solar panels, it can sometimes be inefficient. This is because it might be slow to respond to changes in the
solar panel output and can oscillate around the MPP (Salman et al., 2018).

To maximize the efficiency of PV systems, the IC MPPT technique is commonly employed. The primary goal of
MPPT algorithms is to ensure the PV system operates at the MPP on the power-voltage (P-V) curve generated by
the PV array. This is done to ensure the PV system harnesses the maximum energy from its resources, regardless of
the weather or the intensity of sunlight on the panels. The IC technique determines the maximum power point based
on the location where the P-V curve has a zero slope. In the IC approach, the instantaneous conductance (I/V) and
IC (dI/dV) are compared to determine the direction of the operating point shift (Basoglu & Cakir, 2015).

Optimizing the power output of solar panels in PV systems is achievable using the FL MPPT. This technology
continually adjusts the operating point to track the MPP amidst varying environmental conditions. FL is a
mathematical approach designed to manage vagueness and approximation. In MPPT applications, it facilitates
reasoning and decision-making in situations where variables might assume non-binary values. By dynamically
adjusting the operating point, the FL. MPPT optimizes energy extraction from solar panels, thus maximizing energy
efficiency and power output in PV systems (Narwat & Dhillon, 2021). The functional block diagram of the FL MPPT
can be found in Figure 5. Also, FL implemented as shown in Figure 6.
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The PSO algorithm, an example of a population-based optimization method, is inspired by the cooperative behaviors
of animals, such as flocks of birds or schools of fish. While the PSO can be employed to address a variety of
optimization challenges, one significant application is in the MPPT for PV systems. The MPPT algorithm aims to
consistently operate solar panels at their MPPT — the specific voltage and current combination resulting in the
highest power output. This ensures optimal energy collection from the sun, allowing the PV system to run efficiently.
The adaptability of the PSO algorithm to search for and track the MPP in real-time makes it a strong candidate for

(D)

Figure 6. FL implementation, (A) MPPT FL setup, (B) Membership function for error section
(C) Membership function input variable, and (D) Membership function output variable.

MPPT applications (Gad, 2022).
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2.4 Battery and Pl controller for WSN charging

WSNs often depend on battery power, making efficient battery management vital. A Proportional-Integral (PI)
controller can optimize the charging process, enhancing the performance and lifespan of batteries within WSNs. The
controller ensures the battery remains within the ideal charging range, guarding against both overcharging, which
can cause degradation, and undercharging, which may lead to an insufficient power supply for the sensor nodes.
Effective battery management with a PI controller can bolster the performance, longevity, and reliability of WSNs.
Figure 7 illustrates the PI management control for WSN charging.

12.91

Battery_Switch> . P-
L —
.’J s
- = L
+Ve
Ve

Wireless Sensor load ﬂ
WSN voltage =
1 Battery

| o2k MQ‘Q

. Pleontol G

+a—— o

_.
] |

PI Control

Figure 7. Maximum power point tracking. Source: (Reza Reisi et al., 2013).

2.5 Simulation framework and system design

This study employed a simulation-based design research methodology to evaluate the performance of various MPPT
algorithms for solar energy harvesting in WSNs. The simulations were conducted using MATLAB/Simulink R2021b.
The simulation framework was developed based on a modular system architecture, which integrates four main
components: a PV panel, a DC-DC buck converter with MPPT controller, a lithium-ion battery, and a wireless sensor
node. Each component is modelled to reflect realistic physical behaviours under dynamic environmental conditions.

2.5.1 Simulation architecture

The proposed energy harvesting system for WSNs consists of the following interconnected modules:

e Photovoltaic (PV) Panel: Modelled as a standard single-diode equivalent circuit using manufacturer-
specified parameters. The selected panel has a maximum power output of 200 W with V,. = 36V and I, =
74, and is designed to operate under variable irradiance and temperature conditions.

e DC-DC Buck Converter: Used to regulate the output voltage and current to ensure efficient power delivery
to the battery and load. Converter design is based on standard equations for ripple current, duty cycle, and
capacitor sizing, as presented by Hauke (2015) and implemented in Simulink.

e  MPPT Controller: Four different MPPT techniques are integrated: P&O, IC, FL, and PSO. Each algorithm is
implemented as a control logic block connected to the converter.

e Battery Storage: A rechargeable lithium-ion battery (nominal 12 V) is used to store the harvested energy and
supply the WSN node. The charging process is regulated by a Proportional-Integral (PI) controller to ensure
optimal state-of-charge (SoC) levels.
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The overall system pipeline is shown in Figure 8.

MPPT
Irradiance & Controller Battery
Temperature PV Panel (P&O, IC, Buck Converter H 4 PI Ctrl WSN Node
FL, PSO)

Figure 8. Diagram of the system structure.

2.5.2 Simulation parameters

To simulate real-world performance, the following environmental and system-level parameters were used (Table 1):

Table 1. Simulation settings.

Parameter Value / Range

Solar Irradiance 200 — 1000 W/m?
Temperature Range 15°C -50°C

PV Module Voc 36V

PV Module Isc 7A

Battery Capacity 12V, 12 Ah (Li-ion)
Switching Frequency 50 kHz

Simulation Duration ~ 10-60 seconds (extended)

2.5.3 MPPT algorithms implementation

Each MPPT technique was modelled and tested individually under the same environmental conditions to ensure
fairness in comparison. The simulation recorded the following performance metrics for each algorithm:

e Tracking Efficiency (%)

¢ Response Time (s)

e Overshoot and Settling Time

e Energy Delivered to Battery (Wh)
e State of Charge (50C) Fluctuations

The simulation inputs (irradiance and temperature) were applied as time-varying profiles to test the adaptability of
the MPPT algorithms under dynamic environmental conditions. The outputs were analysed to assess algorithmic
performance in terms of energy harvesting stability and efficiency.

Efficiency values (92%-98%) for each MPPT algorithm are drawn from representative values reported in previous
comparative studies and are used here for performance simulation rather than algorithmic modelling.

In the absence of full algorithmic simulations for each MPPT technique within modelling framework, representative
efficiency values were adopted from relevant literature to approximate algorithmic performance in a comparative
context. Specifically, the simulation assumed typical efficiency levels for each algorithm based on prior empirical
and simulation-based studies: 92% for P&O, 94% for IC, 96% for FL, and 98% for PSO. These values reflect widely
reported performance trends across a range of environmental conditions and system setups. Basoglu and Cakir
(2015), Narwat and Dhillon (2021), and Salman et al. (2018) observed P&O efficiency around 92% under steady and
variable irradiance. Basoglu and Cakir (2015) demonstrated improved IC performance in the range of 93-95%.
Narwat and Dhillon (2021) reported FL-based MPPT systems achieving up to 96% conversion under uncertain
conditions. Gad (2022), in a systematic review, confirmed that PSO-based controllers often yield efficiencies between
97% and 99% due to their adaptive global optimization capabilities. Accordingly, these benchmark values provide
a reasonable basis for algorithmic comparison of PV-based energy harvesting and battery charging.

2.5.4 Novelty and design rationale

What differentiates this study from existing works is the unified comparative modelling of four MPPT techniques
within a WSN charging scenario that includes realistic irradiance-temperature interplay. Unlike conventional
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studies that test algorithms in static PV systems, this work emphasizes the end-to-end efficiency from solar energy
input to battery SoC under EH-WSN conditions.

2.6 Proposed solution

To address the challenge of optimizing battery charging in EHWSNS, this study proposes a simulation-based
comparative evaluation framework for MPPT algorithms under variable environmental conditions. The solution
framework consists of a photovoltaic energy harvesting system modelled in MATLAB/Simulink and, in parallel, a
simplified numerical model implemented in Python to validate algorithmic efficiency over extended operational
time.

The core simulation model is structured around a modular PV system architecture comprising the following
components:

e PV Panel: Modelled as a single-diode equivalent circuit with temperature- and irradiance-dependent
characteristics (Isc, V).

e DC-DC Buck Converter: A power converter controlled via MPPT logic.

e  MPPT Controller Block: Implemented with four distinct algorithms —P&O, IC, FL, and PSO.

e Battery Module: A 12 V lithium-ion battery controlled by a PI-based charge controller.

The system operates with variable irradiance and temperature inputs to reflect real-world outdoor conditions.

To compare the performance of the MPPT algorithms, the following quantitative metrics are employed:

Tracking Efficiency (%): Ratio of power harvested to available PV power.

Battery State of Charge (SoC): Monitored over time to measure energy transfer effectiveness.
e Charging Time (s): Time taken to reach full battery capacity from a predefined SoC.

¢ Response Time and Stability: Observed through overshoot and settling behaviour.

MATLAB/Simulink is used to implement block-based simulations for control design, converter response, and
dynamic interactions between PV modules, converters, and batteries. Python is used for simplified simulations over
extended durations using empirical MPPT efficiency values derived from the literature, enabling full-day
performance visualization and analysis. This dual-environment approach enables both detailed system modelling
and longer-term behavioural trends to be assessed with minimal computational overhead.

There are some assumptions and limitations in the study also. MPPT efficiencies (92%-98%) used in Python
simulations are derived from literature-based approximations ((Basoglu & Cakir, 2015; Gad, 2022; Narwat & Dhillon,
2021; Salman et al., 2018)) and do not represent full algorithmic dynamics. Battery discharge (load consumption) is
not modelled in this study and is assumed negligible or externally regulated. PV output is assumed to be delivered
entirely to the battery, without system losses beyond converter efficiency. Environmental conditions are idealized.

Despite these simplifications, the proposed model effectively demonstrates the comparative strengths and
weaknesses of MPPT techniques in EH-WSNs under fluctuating conditions.

2.7 Environmental effects on PV panel performance

The performance of PV panels is highly sensitive to two environmental parameters: solar irradiance (G) and ambient
temperature (T). Accurate modeling of these dependencies is essential for realistic simulation and performance
evaluation of energy harvesting systems. The output characteristics of a PV module —most notably the short-circuit
current (Isc.)and open-circuit voltage (V,.)—are directly influenced by G and T, and can be approximated using the
following standard equations (Equations (9) and (10)):

¢ 9)
(G T) = lacrer | G ) + @10 (T = Trey)
ref
VOC(T) = Voc,ref + ﬁvoc ’ (T - Tref) (10)

https://doi.org/10.18267/j.aip.267 432 https://aip.vse.cz


https://aip.vse.cz/

Acta Informatica Pragensia Volume 14, 2025

where:

®  Iscrer and Vi, o are reference values at standard test conditions (STC),
®  Grep = 1000W /m?, T,p = 25°C,

e a, isthe temperature coefficient of current (4/°C),

* By, is the temperature coefficient of voltage (V/°C).

In this study, the following typical values are used for simulation purposes:

b Isc,ref =74,

o Voc,ref =36V,

e a = 0.0006A/°C,
o 'BVoc = —0.123V/°C.

To illustrate the impact of environmental changes the conditions are divided into three periods:

e 0-20s: Moderate irradiance (800 W/m?), baseline temperature (25°C),
e 20-40s: Low irradiance (400 W/m?), high temperature (35°C),
e 40-60s: High irradiance (1000 W/m?), low temperature (20°C).

3 RESULTS AND DISCUSSION

This section presents the results obtained from simulating the algorithms. Figure 9 displays the outputs of these four
MPPT algorithms (P&O, IC, FL, and PSO) respectively, implemented in this study.
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Figure 9. Outputs of the MPPT algorithms implemented in the study: (A) P&O, (B) IC, (C) FL, and (D) PSO.

Figure 10 shows the short-term responses to measure the response of the outputs of the algorithms at initial startup.
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Figure 10. State of charge of WSN battery comparing with proposed MPPT methods.

A longer (60seconds) power output comparison is presented in Figure 11. In Figure 11, Simulated PV power output
over a 60-second period under dynamic environmental conditions and four different MPPT algorithms. The
irradiance profile changes from 800 W/m?2 (0-20 s), to 400 W/m? (2040 s), and finally to 1000 W/m? (40-60 s).
Correspondingly, the temperature varies from 25°C, to 35°C, and then drops to 20°C. The PV panel is characterized
by a reference short-circuit current Iy oy = 74 and V. o = 36V, with appropriate temperature coefficients applied.
MPPT efficiencies are assumed to be 92% (P&O), 94% (IC), 96% (FL), and 98% (PSO).
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Figure 11. Outputs of the MPPT algorithms for extended time.

As seen in Figure 11, all algorithms respond to environmental fluctuations in real-time, with PSO consistently
achieving the highest power extraction. A noticeable drop in output is observed during the low irradiance phase
(2040 s), though efficiency-based differences between the algorithms remain distinguishable throughout the
simulation.

Based on our comparison of the four algorithms: PSO, P&O, IC, and FL - with respect to the state of charge (SoC),
PSO appears to be the most effective approach for optimizing battery charging in WSNs, as shown in Figure 12.

When evaluating the SoC of a WSN battery under different MPPT methods, PSO yields a high state of charge in a
shorter time to reach full capacity. In contrast, IC, and fuzzy logic result in a normal state of charge, while the PO
technique appears to be less effective, needing more time to charge the WSN battery and delivering a suboptimal
state of charge. The choice of MPPT technique can significantly influence the efficiency of energy harvesting, thereby

affecting the WSN battery's SoC. Graph representing the 24-hour simulation for PSO algorithm is presented in Figure
12.

Results of a 24-hour simulation illustrating the photovoltaic (PV) system’s performance and battery charging
behavior under varying solar irradiance and ambient temperature conditions. The top panel shows the irradiance
profile, which follows a clear-sky sinusoidal pattern from sunrise (06:00) to sunset (18:00), peaking at noon. The
middle panel presents the resulting PV power output (W), calculated using irradiance- and temperature-dependent
Isc and V,. values, with a fixed MPPT efficiency of 98% (PSO algorithm). The bottom panel displays the battery’s
state of charge (50C), which starts at 20% and steadily increases throughout the day, reaching full capacity by mid-
afternoon. The results emphasize the effectiveness of PSO-based MPPT in maximizing energy harvesting and
ensuring efficient battery charging in realistic environmental conditions. This 24-hour simulation demonstrates the
significant impact of diurnal irradiance and temperature cycles on the performance of a PV-based energy harvesting
system and its associated battery charging process. As solar irradiance increases from sunrise and peaks at midday,
the PV power output correspondingly rises, reflecting the panel’s sensitivity to environmental input. The power
curve also integrates temperature effects, which slightly reduce voltage output during warmer hours. The battery’s
state of charge (SoC), starting from 20%, exhibits a continuous upward trend during daylight, achieving full charge
in the early afternoon. This result confirms the PSO algorithm’s ability to extract and utilize solar energy efficiently
throughout the day, ensuring optimal battery performance even under fluctuating atmospheric conditions. The
simulation highlights how system design and MPPT selection must account for environmental dynamics to sustain
reliable energy supply in real-world wireless sensor network deployments.

While all four algorithms aim to track the MPP of PV systems, their efficacy can vary. Based on the presented data
in Figure 13 and Figure 14, PSO stands out as the most efficient algorithm in this study, showing superior
performance in various conditions. However, the choice of algorithm can often depend on the specific application
and requirements of the PV system.
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The PSO algorithm exhibits a low overshoot of 14.8v and 25 mA at 0.1 seconds, followed by the P&O algorithm with
an overshoot of 15v and 25.5 mA. Both the IC and FL algorithms displayed a higher overshoot, registering at 15.3v
and 27 mA at 0.1 seconds. In terms of settling time, the PSO, IC, and FL algorithms all took a settling time of 0.3
seconds; however, PSO displayed superior tracking when compared to the other methods. Conversely, the P&O
algorithm required a longer 1-second settling time, indicating its inferior performance. As depicted in Figure 15
concerning output power, the PSO algorithm outperformed the others, delivering the highest power. This was

followed by the IC and FL algorithms, while the P&O algorithm lagged, showcasing the weakest power
performance.
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Figure 15. Wireless sensor output power in different algorithms.

P&O method demonstrates poor performance compared to the other algorithms. It's known for being simple to
implement, but its effectiveness is limited due to oscillations around the MPP and poor adaptability to rapidly
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changing environmental conditions. IC algorithm shows good results. IC is more accurate in tracking the MPP, and
it can adapt better to varying environmental conditions compared to the P&O method. However, it is slightly more
complex to implement and has a slower response time. FL. method also yields good results. It is a more intelligent
approach, with a flexible rule-based control strategy that can adapt to different environmental conditions. The main
advantages are its robustness and ability to deal with nonlinear and complex systems. Nevertheless, it requires more
computational power and tuning of the fuzzy rule base, which can be time-consuming. PSO algorithm has the best
performance among the four in terms of voltage, current, and power. PSO is a metaheuristic optimization technique
inspired by the social behaviour of bird flocking or fish schooling. It can find the global MPP more efficiently than
other methods and adapts well to changing conditions. Despite its effectiveness, the PSO algorithm demands more
computational resources compared to other methods, and its implementation can be more complex. So, from results
PSO is the most suitable algorithm for optimizing the charging of WSN batteries, with IC and FL being good
alternatives. Table 2 shows the comparison of algorithms with each other.

Table 2. Comparison of algorithms with each other.

MPPT Algorithm Performance WSN-SOC % Implementation

PO Poor low Simple to implement

IC Good Medium More accurate MPP tracking; Better adaptability than P&O
Fuzzy Good Medium Time-consuming rule base tuning

PSO Best High More complex implementation

WS are powered by batteries, these batteries can be recharged using renewable energy sources such as solar panels.
The efficiency of this charging process can be significantly affected by weather conditions. In this study, we also
studied the effect of Temperature and Solar Irradiance effected on WS charging with the best resulted algorithm -
PSO-.

Figure 16 demonstrates the impact of temperature on battery charging while keeping the solar irradiance constant
at 1000 W/m2 The graph depicts the relationship between temperature and the charging efficiency or rate of the
battery. It indicates how higher or lower temperatures affect the charging process. So, the difference of temperature
will not affect in battery charging because the high performance of PSO MPPT algorithm.

o
o o

w
o

n
o
T

|

Temperature (°C)

=
o o
T

| | | —Temperature

6 8 10
Time (seconds)

=
(¥}
s

SOC

45.005

45

44.995 I ]
‘ | ‘ | —80C PSO %

0 2 4 6 8 10
(A) Time (seconds)

https://doi.org/10.18267/j.aip.267 439 https://aip.vse.cz


https://aip.vse.cz/

Acta Informatica Pragensia Volume 14, 2025

_15 N
s” -
o 10 |- —
o
E 5_ |
3

U | \ | '\ \ \ ——VoPSO

(=]
-
N
w

-~
(3]

6 7 8 9 10 11

Wireless sensor current
T I

N
[=]

Current (A)
>
|

0 | ' \ ] \ ] | ] |——loPSO
0 1 2 3 4 5 6 7 8 9 10 "
Wireless sensor power
T \
=200 1 —
2
E \f—\r_,
100 - |
3
<]
o
0 | ] \ ] \ ] | ] ——PoPSO
(B) 0 1 2 3 4 5 6 7 8 9 10 "

Figure 16. (A) WSN battery under variable temperature condition, (B) Wireless sensor load voltage, current, and power under
different temperature with constant irradiance 1000 W/m?.

Figure 17 represents the real-time influence of irradiance and temperature on PV power output when operating
under a high-efficiency MPPT algorithm (PSO, n = 98%).
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Figure 17. Environmental Influence on PV Output (60-Second Simulation, PSO Algorithm).

Influence of environmental conditions on PV power output under PSO-based MPPT control during a 60-second
simulation. The orange line (left axis) represents solar irradiance (W/m?), reflecting varying sunlight intensity over
time. The gray dashed line (right axis) shows ambient temperature (°C), which affects the panel's open-circuit
voltage. The green line (far right axis) indicates the resulting PV power output (W), calculated based on real-time
irradiance and temperature using temperature- and irradiance-dependent equations for I, and V.. The simulation
demonstrates the critical impact of environmental dynamics on energy harvesting performance.

Figure 17 clearly demonstrates how sensitive the power output of a PV panel is to environmental conditions —
particularly solar irradiance and ambient temperature. During the simulation, both irradiance and temperature were
varied across three distinct intervals, resulting in noticeable fluctuations in PV output. In the first 20 seconds,
moderate irradiance (800 W/m?) and baseline temperature (25°C) produced a medium level of power. In the next 20
seconds, a decrease in irradiance and an increase in temperature led to a significant drop in power output. During
the final 20 seconds, irradiance peaked at 1000 W/m? while the temperature dropped to 20°C, creating optimal
conditions for maximum power generation. These results highlight the critical role of environmental factors in the
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performance of PV systems and emphasize the importance of using high-efficiency MPPT techniques like PSO to
adapt effectively to changing conditions.

Figure 18 illustrates the influence of solar irradiance on the charging of a wireless sensor battery load, with the
temperature held constant at 25 degrees Celsius. The Figure displays the relationship between solar irradiance,
measured in units such as watts per square meter (W/m?), and the charging efficiency or rate of the wireless sensor
battery. It demonstrates how different levels of solar irradiance impact the charging process, with higher irradiance
resulting in faster charging and lower irradiance leading to slower or no charging.
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Figure 18. (A) WSN battery under variable solar irradiance condition, (B) Wireless sensor load voltage, current and power under
different irradiation condition with constant temperature 25 degree.

The weather conditions, specifically temperature and solar irradiance, have a significant impact on the battery
charging process of WS. Both high and low temperatures can reduce battery capacity and longevity, affecting the
overall efficiency of the charging process. Extremely cold temperatures can lead to a loss of capacity in lithium-ion
batteries commonly used in WS devices, while high temperatures can accelerate battery degradation.

Moreover, solar irradiance plays a crucial role in the efficiency of solar charging for WS batteries. Cloudy or rainy
weather conditions diminish the amount of sunlight reaching the solar panels, resulting in slower charging rates or
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no charging at all if the sunlight is too weak. Figure 18 demonstrates the impact of solar irradiance on the charging
process, showing the relationship between different levels of irradiance and the charging efficiency or rate of the
wireless sensor battery.

Understanding these effects is vital for optimizing the performance and reliability of WSNs. By considering the
weather conditions and their impact on battery charging, researchers and practitioners can develop strategies to
mitigate the negative effects and improve the overall efficiency and longevity of WSN batteries. This knowledge can
lead to the development of more robust and sustainable WSN systems, ensuring their reliable operation even in
challenging environmental conditions.

4 CONCLUSION

This study presented a comprehensive analysis of four prominent MPPT algorithms —P&O, IC, FL, and PSO—
within photovoltaic EHWSNs under dynamically changing environmental conditions. Simulations based on both
short-term (60 seconds) and extended (24-hour) scenarios revealed that solar irradiance and ambient temperature
significantly influence PV panel performance, battery charging rate, and overall system efficiency. Mathematical
modelling of PV behaviour showed that both I, and V,. are highly sensitive to environmental inputs, and
visualization of these effects confirmed that adaptive MPPT algorithms are essential for optimal energy harvesting.

Among the evaluated algorithms, PSO demonstrated the most robust performance, achieving the highest power
output, the fastest tracking response (0.1 s), and the lowest overshoot (14.8 V, 25 mA). In comparison, P&O, while
simple, exhibited slower response times (1 s settling) and the lowest efficiency. IC and FL offered moderate overshoot
(15.3 'V, 27 mA) with a settling time of 0.3 seconds and were identified as promising alternatives in scenarios where
computational resources are limited.

Additionally, comparative battery charging simulations illustrated that PSO led to the fastest and most complete
charging, followed by FL and IC, while P&O consistently lagged. These findings were further validated through
Python-based performance simulations using literature-informed efficiency approximations (%92-98),
demonstrating how algorithmic differences manifest in both power output and battery state-of-charge evolution.

Despite its superior performance, PSO's computational complexity may pose challenges for real-time, low-power
embedded systems, especially in constrained WSN environments. Therefore, IC and FL are recommended as
efficient fallback options when system simplicity or power constraints are paramount.

In conclusion, this research emphasizes the importance of integrating environmental awareness into MPPT
strategies, selecting MPPT algorithms aligned with system capabilities, and choosing battery technologies resilient
to environmental stressors. The findings contribute to designing more adaptive, efficient, and resilient energy
harvesting solutions for next-generation WSNs deployed in diverse and variable conditions.
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