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Abstract

Deep-Cycle Lead-Acid Batteries (DCLA) are widely known in stationary applications such
as backup power and off-grid systems. However, their faster capacity decline compared
to emerging batteries limits their efficiency and lifespan. This research investigates the
potential of ultrasonication to enhance the performance of DCLA by reducing sulfation
and internal resistance, thereby improving capacity retention and state of health (SOH).
A system-level MATLAB/Simulink model was created to simulate a photovoltaic (PV)
system under three load conditions: constant, variable, and realistic load. An ultrasonic
device operating at 1700 kHz was implemented during the charging phase, and simulations
were conducted to evaluate systems before and after ultrasonication. State of charge (SoC)
and battery voltage were performance measures over 31 days. The results showed that
the ultrasonication system maintained an average SoC up to twice that of the control
system (78.8% vs. 37.9%) and sustained a higher average voltage (13.2 V vs. 12.6 V).
Under realistic light-load conditions, the test system retained energy better and had a
38.37% percentage improvement. These findings indicate that ultrasonic integration is
a viable retrofitting strategy to improve DCLA operation, particularly for off-grid and
renewable energy storage applications.

Keywords: acoustic simulation; Deep Cycle Lead Acid Batteries (DCLA); simulink system
modeling; ultrasonics

1. Introduction
Deep-cycle lead-acid (DCLA) batteries continue to play a central role in stationary

energy storage. They are widely used for backup power in critical facilities such as telecom-
munication hubs and data centers [1,2], and they remain indispensable in off-grid solar
systems that supply affordable electricity to rural and remote communities [3,4]. Their
resilience in the market is largely due to two factors: cost and recyclability. Compared
to newer chemistries, DCLAs are inexpensive, and they benefit from a recycling chain
that has been refined over decades. As much as 80% of their components—lead, plastics,
and electrolytes—can be recovered and reused, making them one of the most circular and
sustainable battery technologies available today [5–7]. This strong recycling loop further
supports their role in sustainable energy practices [8].

Yet, this long-standing reliability comes with trade-offs. DCLAs degrade faster than
newer batteries, losing capacity with each cycle [9]. The main causes are sulfation, corrosion,
and a gradual increase in internal resistance [10]. Among these, sulfation is the most
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critical: it produces hard crystals on the plates that reduce active material and accelerate
irreversible capacity loss [11]. By contrast, lithium-ion and sodium-ion batteries offer higher
energy density and a much longer service life [12,13]. Even so, their adoption remains
constrained by higher upfront costs, limited recycling systems, and dependence on critical
raw materials [6,14]. For many off-grid settings, where cost and recycling matter as much
as performance, extending the usable life of lead-acid batteries remains a practical and
cost-effective path.

One way to tackle these limitations—without replacing existing DCLA infrastructure—is
through ultrasonic excitation. Prior studies suggest that ultrasonic waves can improve
electrolyte mixing, slow the buildup of sulfates, and reduce internal resistance, allowing
batteries to hold their charge more effectively [15,16]. Similar benefits have been reported
in other electrochemical systems [17], but their specific potential for DCLAs operating
under realistic photovoltaic (PV) conditions has not been fully explored.

To address this gap, the present study develops a system-level MATLAB/Simulink
model to evaluate the effect of ultrasonic excitation on DCLA batteries in standalone PV
systems. This work contributes in several ways:

i. A developed mathematical model that captures the effect of ultrasonic waves on
the lifecycle of DCLA batteries, addressing a critical gap in existing battery research
using MATLAB Simulink.

ii. A comparative evaluation of battery efficiency, capacity retention, and service life
under scenarios with and without ultrasonic excitation, providing quantitative
insights into performance differences.

iii. It explores ultrasonic excitation as a potential retrofit strategy to enhance durability
and energy efficiency, particularly in off-grid PV systems where lead-acid batteries
remain widely used.

By testing these contributions, this study highlights ultrasonics as a potential bridge
technology—one that strengthens the performance of existing lead-acid systems.

2. Purpose/Problem Description
2.1. Problem Context

Deep-Cycle Lead-Acid Batteries (DCLA) are widely known in stationary applications
such as backup power and off-grid systems. However, these batteries tend to suffer from
degraded performance over time caused by sulfation, internal resistance accumulation,
and other factors, particularly under different load conditions. This degradation causes
their degradation and retarded capacity, and shortens their life [9,10].

2.2. Research Gap and Study Objectives

While the use of ultrasonic waves has been found to enhance the performance of other
battery types, the behavior of DCLA batteries under acoustic waves, especially for use in
PV applications, has yet to be investigated [15,16].

This study aims to address that gap by assessing the possible advantages of ultrasonic
waves in DCLA battery performance in the context of real-time PV system deployment,
offering perspectives for enhanced efficiency and durability of off-grid energy storage
systems. The purpose of the present study is to investigate the effect of ultrasonic acoustic
waves on the performance and charging characteristics of Deep-Cycle Lead Acid (DCLA)
batteries of two independent Photovoltaic (PV) systems under different loads. In this
research, a system-level simulation is performed to explore the effect of ultrasonic waves
on the battery performance.
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2.3. System Designs

PV systems can be designed as standalone or grid-connected systems [18]. Standalone
photovoltaic (PV) systems refer to off-grid systems that generate electricity from solar
panels and store it in batteries for later use [19]. To simulate a conventional off-grid system,
the system should consist of a PV array, a DC-DC converter, a solar charge controller, and a
lead-acid battery [20–22].

2.3.1. Modified Standalone Photovoltaic (PV) System

The modified standalone photovoltaic system is based on a conventional off-grid solar
system enhanced by the integration of an ultrasonic device connected to the lead-acid
battery, as shown in Figure 1.

 

Figure 1. Photovoltaic System with Ultrasonic Device.

The PV system’s main basic component is the solar cell. The current-voltage (I-V)
characteristics of a PV module are characterized and can be expressed by:

IPV = np ISC − np IO

{[
exp

q(VPV + IPV Rs)

Akns

]
− 1

}
−

[
np

VPV + IPV Rs

nsRsh

]
(1)

VPV corresponds to the solar cell’s voltage output, IPV to the solar cell’s current output,
Rs to the series resistance of the cell, and Rsh to the shunt resistance of the cell. In addition, q
is the charge of electrons, ISC is the light-generated current, and IO is the reverse saturation
current, A is a dimensionless junction material factor, k is the Boltzmann constant, T is
the temperature, and np and ns are the number of parallel and series connected cells,
respectively [23].

2.3.2. Charge Controller

Implements Maximum Power Point Tracking (MPPT) while implementing transition
logic, mathematically modeled using thresholds:

Mode = {(MPPT : Vbatt < Vboost); (BST : Vbatt ≥ Vboost); (Float : t = Bstduration ) } (2)

where MPPT corresponds to the Maximum Power Point Tracking mode, BST corresponds
to Boost mode, and Float corresponds to the Float mode.

2.3.3. DC-DC Converter

A DC-DC converter regulates the PV output voltage to match the battery voltage.
Assuming an ideal converter, the duty cycle can be obtained by:

Ibatt =
IPV
D

(3)
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where Ibatt is the lead-acid battery’s current, IPV is the solar cell’s current output, and D is
the duty cycle.

2.3.4. Ultrasonic Device

Recent studies have identified the application of ultrasound from piezoelectric trans-
ducers as a method for dislodging sulfate crystals in battery plates through physical
agitation [24]. This ultrasonic effect primarily involves the formation of cavitation bubbles
and solid turbulence induced by acoustic wave vibrations [25].

The ultrasonic device was introduced into the simulation as an external sinusoidal
excitation, representing an ultrasonic transducer operating at 1700 kHz. This was applied
during the charging phase to simulate agitation within the electrolyte, aiming to disrupt
the formation of large lead sulfate crystals and enhance ion mobility. The influence of
acoustic excitation was indirectly modeled by adjusting the charge transfer resistance and
double layer capacitance in response to ultrasonic activation. These modifications were
based on performance gains reported in experimental studies on acoustic wave treatments
in electrochemical systems [26].

The ultrasonic device influences the electrochemical and physical state of the lead-acid
battery by agitating the electrolytes, which disrupts sulfate crystal buildup on the battery
plates while enhancing ion transfer. Hence, the sulfate crystal buildup can be expressed by:

dS(t)
dt

= αs · Idis(t)− βs · (1 − µ(t)) · S(t)− γultra · µ(t) · S(t) (4)

where S(t) corresponds to the sulfation level, αs is the sulfation rate, Idis(t) is the discharge
current, βs is the natural desulfation rate, µ(t) is the ultrasonic activation signal (1 = ON, 0
= OFF), and γultra is the additional desulfation rate due to ultrasonic treatment.

Rint(t) = R0 + κr · S(t) (5)

where Rint is the internal resistance of the lead-acid battery, R0 is the base resistance, and κr

is the resistance gain per unit of sulfation.

2.3.5. Lead-Acid Battery

The Simulink battery block implements a generic battery model for the most popular
battery types. The lead-acid battery’s terminal voltage can be expressed as follows:

Vbatt(t) = Voc(SoC(t))− Rint(t) · I(t) (6)

Vbatt corresponds to the lead-acid battery’s terminal voltage, I(t) to the lead-acid
battery’s current, Rint to the lead-acid battery’s internal resistance, and Voc(SoC) is the open
circuit voltage.

2.3.6. DC Load

The load current affects the charge/discharge rate of the battery and the overall power
balance of the system. The load current can be obtained by:

Iload =
Pload
Vbatt

(7)
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3. Methodology
3.1. Simulation Procedure of the PV System

The simulation of the PV system model was implemented in MATLAB/Simulink
(version R2025a, MathWorks Inc., Natick, MA USA). The simulated system, illustrated in
Figure 2, consists of one setup with an ultrasonic device and both setups with a photovoltaic
(PV) array, a solar charge controller, a DC-DC converter, a lead-acid battery, and a DC load
with varying load demands. The solar irradiance input, as shown in Figure 3, is modeled
after the environmental data of May 2025 obtained via the Open-Meteo Satellite Radiation
API, a publicly accessible web-based API that provides weather and climate variables
derived from satellite and model-based sources [27]. Additional parameters of the system
components are presented in Table 1.

 

Figure 2. Equivalent Model of the modified and conventional PV system.
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Figure 3. Solar Irradiance Profile of May 2025 [27].
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Table 1. Simulation Parameters.

Item Parameters Values

PV

Module Trina [28]

Maximum Power per Module 500.402 W
Cells per module 150

No. of string series 1
No. of string parallel 2
Open circuit voltage 51.5 V
Short-circuit current 12.3 A

Voltage at the maximum power point 43.4 V
Current at maximum power point 11.53 A

Solar Charge Controller

Boost Voltage 14.3 V
Boost Duration 2 h

Float Voltage Max 13.8 V
Float Voltage Min 13.6 V

Lead-acid Battery

Nominal Voltage 12 V
Rated Capacity 100 Ah

Initial state-of-charge 78%
Battery response time 1 s

Six scenarios were simulated within the Simulink model to evaluate the performance
of the modified standalone photovoltaic system. These scenarios were designed to represent
off-grid consumption patterns. Figure 4 shows the varying load demands to be simulated
for 31 days.
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Figure 4. Varying Load Demand. (a) Constant Load of 30 W; (b) Uniform Random Load between 24 W
and 36 W; (c) Estimated Household DC Load with Sudden Load Spikes; (d) Estimated Household DC
Load Profile without Sudden Load Spikes; (e) Estimated Household DC Load Profile with Gradual
Load Increase; (f) Estimated Intermittent Household DC Load Profile.

3.1.1. Constant Load

In this baseline scenario, a constant DC load of 30 watts was applied to represent a
stable and predictable power demand. This setup simulates applications such as low-power
lighting systems.

3.1.2. Uniform Random Load

This scenario introduces variability within the system by applying a uniformly random
load fluctuating between 24 watts and 36 watts. This setup is designed to emulate more
realistic and unpredictable behavior in low-power lighting system applications.

3.1.3. Estimated Household DC Load Profile with Sudden Load Spikes

This scenario integrates a realistic DC load profile derived from typical light usage
of appliances in households, aligned with the implementation of a 12 V 100 Ah lead-acid
battery in the simulation. The profile incorporates constant daily activities corresponding
to common usage of appliances while having sudden load spikes due to certain appliance
usage to represent common energy consumption patterns. This scenario provides insight
into the long-term performance of the modified standalone photovoltaic system that closely
resembles real-world usage within the battery’s discharge limitations.

3.1.4. Estimated Household DC Load Profile Without Sudden Load Spikes

In this scenario, the estimated household DC load profile was modified to eliminate
abrupt load surges. The load varies smoothly within typical household consumption levels,
representing a more stable energy consumption pattern. This approach reflects conditions
where the usage of appliances is limited due to energy conservation, enabling an evaluation
of the system’s performance under predictable but still realistic load conditions.

3.1.5. Estimated Household DC Load Profile with Gradual Load Increase

This scenario models a progressive rise in household demand over time, which simu-
lates situations where appliances are sequentially turned on throughout the day. The load
profile starts at a low baseline and increases steadily until it reaches its peak demand. This
setup provides insight into how the system and the DCLA battery respond to incremental
stress and prolonged operation under increasing energy consumption.
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3.1.6. Estimated Intermittent Household DC Load Profile

This scenario reflects the daily energy consumption of a working household. During
daytime hours, the primary load is the refrigerator, which maintains a relatively constant
baseline demand. In the evening, when occupants return home, additional appliances
are switched on, causing a noticeable increase in power consumption. This load profile,
therefore, alternates between low daytime consumption and higher evening peaks, creating
an intermittent pattern of load demand. This setup provides insight into how the system
performs under real-world household conditions where usage is highly dependent on
occupancy and daily routines.

3.2. Experimental Data Collection (Microgrid Measurements)

Microgrid operating data were collected with an SRNE solar station monitor, set
to record values every five minutes. The system measured the three main parts of the
standalone PV setup. For the PV array, it logged current, voltage, and power. For the
battery, it tracked voltage, temperature, current, and the state of charge (SoC). For the
load, it monitored current, voltage, and power. The monitor also stored information on
the system’s working state, the total charge and discharge in ampere-hours (Ah), and the
energy output in kilowatt-hours (kWh). This information gave a continuous picture of how
the system behaved throughout the day.

The dataset served two key purposes. First, it allowed us to observe how the battery
behaved under real operating conditions, both modified and conventional setups. In both
cases, the systems were operated at the same site and subjected to identical load conditions,
so that any differences in performance could be attributed to the ultrasonic intervention
rather than external factors. Second, the measurements provided the basis for building and
validating the simulation model. Because deep-cycle lead-acid (DCLA) batteries typically
require hundreds of charge–discharge cycles to reach end-of-life, long-term testing is
impractical within the timeframe of this study. Using the collected data made it possible to
model and predict battery behavior across its useful life without waiting for a physical unit
to degrade fully in real-time experiments.

3.3. DC House Set-Up for DCLA Battery Testing

The experimental work was carried out using a DC House system designed to repre-
sent a small standalone photovoltaic installation (see Figure 5). To make the comparison
fair, both the conventional setup and the modified setup were built with the same core
components: 1000 W of PV panels, an SRNE charge controller, and a set of equal DC loads.
Each system used a 12 V, 100 Ah deep-cycle lead-acid (DCLA) battery as the storage unit.

The difference between the two systems lies in the addition of an ultrasonic device.
In the modified setup, a custom-built ultrasonication device operating at 1700 kHz was
installed on the battery. This device was programmed to run only during the charging
phase, so that the ultrasonic excitation would directly influence the processes linked to
sulfation and resistance buildup. The conventional setup ran under the same conditions
but without the ultrasonic module, serving as the baseline for comparison.

During testing, the systems were monitored for voltage, current, and state of charge
(SoC), which were logged every five minutes using the same monitoring system described
in Section 3.2. Both setups were operated for 31 days, at the same site and under identical
load conditions, so that any differences in behavior could be attributed to the ultrasonic
modification rather than changes in load or environment.
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(a) (b) 

Figure 5. Comparison of solar-powered systems with different device integrations. (a) Standalone
circuit integrated with a 12 V 100 Ah battery for direct device connection. (b) Mini PC integrated
system powered by a 12 V 100 Ah battery. Both setups use a 1 kW solar panel and 32 W DC loads,
managed by a charge controller.

3.4. Evaluation and Verification Process

The accuracy of the simulation model was verified by comparing its outputs with
experimental data obtained from the DC House setup described in Section 3.3. This valida-
tion step ensured that the MATLAB/Simulink model reliably represented the behavior of
both the control and ultrasonic-assisted DCLA battery systems.

Three indicators were selected as validation benchmarks: state of charge (SoC), ter-
minal voltage, and a composite performance score that integrated efficiency, stability, and
overall energy delivery. To capture long-term behavior, the Area Under the Curve (AUC)
method was also applied. The following equations can express the calculations:

Per f ormance Scoredaily = SoCdaily ave. × Vbattdaily ave. (8)

where Per f ormance Scoredaily is the composite performance score per day, SoCdaily ave. is
the daily average state of charge, and Vbattdaily ave. is the daily average battery voltage.

Improvement (%) =
Scoretest − Scorecontrol

Scorecontrol
× 100 (9)

where Improvement (%) is the daily percentage improvement per scenario, Scoretest is the
daily performance score of the test system, and Scorecontrol is the daily performance score
of the control system.

Per f ormance (t) = y0 · e−kt (10)

where Per f ormance (t) is the performance score at time (t), y0 is the initial performance
score at time (t = 0), k is the decay rate constant, and t is the time.

In practice, SoC quantified the usable battery capacity, voltage stability reflected
resistance buildup and sulfation, and the composite score provided an integrated measure
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of daily performance. The AUC method complemented these by showing cumulative
capacity retention trends.

4. Results and Discussion
4.1. Results

This study compared the performance of the modified PV system or test system,
and the conventional PV system or control system on the six load demand scenarios. The
comparative data from the scenarios reveal consistent trends and behaviors of both systems.

Figure 6 provides a visual representation of the lead-acid battery’s state of charge
(SoC) comparison for both systems. The data depicted in the figures clearly indicates that
the test system is consistently maintaining a higher SoC or comparable performance level
relative to the control system throughout the six scenarios.
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Figure 6. Lead-acid Battery State of Charge. (a) Constant Load of 30 W; (b) Uniform Random Load
between 24 W and 36 W; (c) Estimated Household DC Load with Sudden Load Spikes; (d) Estimated
Household DC Load Profile without Sudden Load Spikes; (e) Estimated Household DC Load Profile
with Gradual Load Increase; (f) Estimated Intermittent Household DC Load Profile.



Energies 2025, 18, 5576 11 of 20

The summary of the data for the state of charge is presented in Table 2. In scenario 1,
the SoC of the test system ranges from 100% to 41.8%, averaging 78.5% while the control
system has a range of 100% to 0% which averages 37.4% throughout the 31 days. On the
other hand, in scenario 2, the SoC of the test system ranges from 100% to 42.7%, averaging
78.8% while the control system ranges from 100% to 0% with an average of 37.9%. In
scenarios 3–6, the test and control systems have both 100% to 0% range, while the test
system averages 38.0%, 36.3%, 30.2%, 71.0%, and the control system averages 24.6%, 28.6%,
22.2%, and 33.2%.

The comparison of both battery voltages obtained in the simulations is presented in
Figure 7. The data depicted in the figures clearly indicates that the test system consistently
maintains a higher voltage, remaining above 12.3 V in scenarios 1 and 2, while both the
control and test systems experienced voltage declines in scenario 3.
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Figure 7. Lead-acid Battery Voltage. (a) Constant Load of 30 W; (b) Uniform Random Load between
24 W and 36 W; (c) Estimated Household DC Load with Sudden Load Spikes; (d) Estimated House-
hold DC Load Profile without Sudden Load Spikes; (e) Estimated Household DC Load Profile with
Gradual Load Increase; (f) Estimated Intermittent Household DC Load Profile.
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Table 2. Data Summary for SoC.

Scenario System SoC
Max Min Mean

1
Test 100 41.8 78.5

Control 100 0 37.4

2
Test 100 42.7 78.8

Control 100 0 37.9

3
Test 100 0 38.0

Control 100 0 24.6

4
Test 100 0 36.3

Control 100 0 28.6

5
Test 100 0 30.2

Control 100 0 22.2

6
Test 100 0 71.0

Control 100 0 33.2

The summary of the data for the battery voltage is presented in Table 3. In scenario 1,
the test system has a range of 14.4 V to 12.4 V with an average of 13.2 V, while the control
system has a full range of 14.4 V to 10.5 V with an average of 12.6 V. On the other hand,
scenario 2 has the test system’s range of 14.4 V to 12.4 V with an average of 13.2 V, while
the control system also has a full range of 14.4 V to 10.5 V with an average of 12.6 V. In
scenarios 3, 4, 5, both the test and control systems have a full range of 14.4 V to 10.5 V, while
the test system averages 12.7 V, 12.7 V, and 12.3 V, and the control system averages 12.1 V,
12.3 V, and 12.0 V. Lastly, scenario 6 has the test system a range of 14.4 V to 12.3 V with
an average of 13.1 V, while the control system has a full range of 14.4 V to 10.5 V with an
average of 12.5 V.

Table 3. Data Summary for Battery Voltage.

Scenario System
Battery Voltage

Max Min Mean

1
Test 14.4 12.4 13.2

Control 14.4 10.5 12.6

2
Test 14.4 12.4 13.2

Control 14.4 10.5 12.6

3
Test 14.4 10.5 12.7

Control 14.4 10.5 12.1

4
Test 14.4 10.5 12.7

Control 14.4 10.5 12.3

5
Test 14.4 10.5 12.3

Control 14.4 10.5 12.0

6
Test 14.4 12.3 13.1

Control 14.4 10.5 12.5

4.2. Evaluation and Verification

The comparative analysis between the ultrasonic-assisted test system and the con-
ventional control system revealed consistent performance advantages across all scenarios.
The test system generally retained a higher state of charge (SoC) and exhibited improved
voltage stability, demonstrating that ultrasonic excitation produced measurable gains in
battery behavior.
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Daily performance improvements, summarized in Table 4, exceeded 390% under
steady-load conditions, while dynamic scenarios showed smaller but steady gains. For
example, Scenario 3 produced daily peaks of 259.81%, though its variable load profile
occasionally caused regressions. These variations are shown in Figure 8.

Table 4. Daily percentage improvement in the ultrasonic-assisted system compared to the control
across all scenarios.

Day
Improvement (%)

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 Scenario 6
1 16.88 16.03 18.20 19.47 12.39 17.08
2 120.78 111.97 190.26 192.98 48.03 161.93
3 353.03 356.09 154.58 135.83 20.36 303.44
4 361.41 357.13 67.92 71.92 32.57 324.17
5 395.64 405.13 82.03 72.32 47.47 379.19
6 384.03 380.96 74.15 52.5 18.93 336.58
7 143.52 141.70 10.18 19.31 23.21 148.74
8 16.48 15.83 15.38 21.13 11.08 30.85
9 19.63 19.78 18.58 15.32 28.57 20.92

10 77.70 78.56 220.35 127.05 138.35 107.91
11 288.13 252.66 162.27 153.69 10.33 252.47
12 327.83 368.68 259.81 106.78 22.45 285.66
13 349.10 381.17 112.82 47.22 10.09 282.92
14 381.90 389.09 79.99 24.58 20.38 326.43
15 133.02 135.62 15.57 −30.71 33.59 79.25
16 64.52 64.32 99.21 −23.53 136.68 50.2
17 30.32 27.76 255.79 −35.78 26.63 46.44
18 7.86 6.88 169.51 −36.86 47.57 20.62
19 47.56 46.79 103.98 19.16 32.3 111.59
20 193.12 189.61 82.16 31.09 22.35 260.71
21 335.52 337.89 32.18 38.1 10.57 250.64
22 303.78 273.89 79.81 19.12 32.28 242.85
23 375.96 340.69 119.85 30.43 24.16 315.86
24 318.28 317.45 81.59 21.53 20.87 259.7
25 335.72 318.42 148.42 29.01 25.09 279.76
26 233.34 228.77 14.30 7.97 47.81 177.66
27 258.44 263.50 65.52 18.93 49.08 180.74
28 76.94 74.19 −34.59 −26.96 17.96 50.8
29 31.65 29.59 −42.20 −14.99 196.17 34.03
30 23.18 22.60 11.47 77.27 66.71 47.03
31 43.46 41.13 13.51 160.98 131.19 119.03
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Long-term performance was evaluated using the accumulated performance score
defined in Equation (10). The results in Table 5 indicate that the ultrasonic system consis-
tently outperformed the control, with improvements ranging from 29.32% (Scenario 4) to
124.53% (Scenario 6). Experimental validation from the DC House microgrid confirmed
these improvements, recording a 49.30% gain. The projected degradation trends over a
five-year horizon, illustrated in Figure 9, further demonstrate that the ultrasonic system
sustained higher performance levels compared to the control.

Table 5. Data Summary for Forecasted Accumulated Performance Score.

Scenario Accumulated Performance Score Improvement %
Test Control

1 685,503.47 382,414.14 121.12
2 688,662.57 387,169.60 119.42
3 319,517.96 243,488.76 61.87
4 301,967.28 288,051.63 29.32
5 244,167.26 217,680.27 38.37
6 615,151.44 337,961.97 124.53

Actual 467,334.70 313,006.84 49.30
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Figure 9. 5-Year Battery Degradation Forecast. (a) Constant Load of 30 W; (b) Uniform Random Load
between 24 W and 36 W; (c) Estimated Household DC Load with Sudden Load Spikes; (d) Estimated
Household DC Load Profile without Sudden Load Spikes; (e) Estimated Household DC Load Profile
with Gradual Load Increase; (f) Estimated Intermittent Household DC Load Profile.
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Verification against experimental data is presented in Table 6. Static load scenarios
(Scenarios 1, 2, and 6) produced larger errors (>140%), reflecting the limitations of static
assumptions. In contrast, dynamic load scenarios (Scenarios 3 and 5) more closely matched
the experimental benchmark, with errors as low as 22%. The degradation behavior observed
in the DC House measurements, shown in Figure 10, confirmed that ultrasonic excitation
consistently slowed the rate of decline.

Table 6. Data Summary for Percentage Error.

Scenario Error %
1 145.68

2 142.23

3 25.50

4 40.53

5 22.17

6 152.60
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Figure 10. 5-Year Battery Degradation Forecast of Actual Data.

The evaluation confirmed that the simulation framework effectively captured the ben-
eficial effects of ultrasonic excitation. Improvements in SoC retention, voltage stability, and
degradation rate observed in simulations were consistent with experimental results. These
findings demonstrate trend agreement and proof of concept, rather than exact predictions
of battery lifetime. Although static load scenarios tended to overestimate improvements,
dynamic cases showed strong alignment with experimental behavior, supporting the re-
liability of the model as a validation tool. Within the limits of parameter constraints, the
results establish a sound foundation for future refinement and predictive studies.

4.3. Discussion

The results in Figures 6 and 7 highlight the significant advantage of the test system in
maintaining higher SoC and voltage levels throughout the scenarios.

The comparison of the battery SoC between the test and control systems across the
six scenarios reveals clear trends favoring the test system; on the other hand, the control
system shows how quickly the SoC drops. Specifically, in Table 2, scenario 1, the test system
shows an average SoC of 78.5%, while the control system averages only 37.4%, a significant
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difference of over 40%. In scenario 2, the average SoC of the test system, 78.8% is similarly
much higher than the control system 37.9%. In scenario 3–6, while the SoC for both systems
drops to 0%, the test system still maintains a higher average SoC, 38.0%, 36.3%, 30.2%, and
71.0% compared to the control system’s average SoC, 24.6%, 28.6%, 22.2%, and 33.2%.

The integration of the ultrasonic device highlights the improved energy retention
capability of the test system. Previous research has suggested that ultrasonication improves
overall battery performance by introducing electrolyte agitation, which can reduce the
internal resistance and increase the effective surface area of the electrodes [16,17,29,30]. The
formation of lead sulfate uses sulfate from the sulfuric acid electrolyte surrounding the
battery. As a result, the electrolyte becomes less concentrated, which permanently reduces
battery capacity [31]. The higher SoC in the test system across all scenarios suggests
that the ultrasonic device contributes to maintaining a more consistent charge, eventually
improving the performance of the battery.

Battery voltage is another factor in evaluating the performance of the PV system. As
illustrated in Figure 7, the test system maintains consistently a higher battery voltage than
the control system. In Table 3, scenario 1, the test system has an average of 13.2 V while
the control system has an average of 12.6 V. Similarly, in scenario 2, the test system has
an average of 13.2 V while the control system has an average of 12.6 V. In scenario 3, the
test system has an average of 12.7 V while the control system has an average of 12.1 V. In
scenario 4, the test system has an average of 12.7 V while the control system has an average
of 12.3 V. In scenario 5, the test system has an average of 12.3 V while the control system has
an average of 12.0 V. Lastly, in scenario 6, the test system has an average of 13.1 V while the
control system has an average of 12.5 V. These may suggest that the battery was operating
at a relatively higher SoC, aligning with the results shown in the SoC plots.

In contrast, under scenarios 3–6, both the control and test systems resulted in voltage
decline, which eventually reached the cutoff voltage for a lead-acid battery. However, the
control system reached this critical voltage faster than the test system, indicating that the
test system provided better battery performance.

The maintenance of higher battery voltages in the test system suggests a more stable
and efficient energy storage process. This stability is crucial during times of high energy
demand or when the energy from the PV array is lower, such as during the idle mode.
Previous studies have shown that improved voltage stability in batteries results in fewer
charge–discharge cycles and, consequently, a longer battery life [32,33].

The data summary in Table 4 highlights that in scenarios 1 and 2, the test system
demonstrates consistent superiority, with improvements peaking at 395% and 405%, re-
spectively. In scenario 3, improvements are more irregular, with a notable maximum of
259% including negative values toward the end of the cycles. For scenarios 4 and 5, the
improvement trend is less stable, with moderate gains but also multiple days of negative
improvement. Meanwhile, scenario 6 shows the most balanced result, while sustaining im-
provement above 300%. This study incorporates both optimized and realistic load scenarios
to evaluate system performance comprehensively [34].

The results presented in Table 5 indicate that the test system significantly reduces
long-term degradation in comparison with the control system, specifically in scenario
1 with 121.12% improvement, in scenario 2 with 119.42% improvement, in scenario 3
with 61.87% improvement, in scenario 4 with 29.32% improvement, in scenario 5 with
38.37% improvement, in scenario 6 with 124.53% improvement, and in the actual data
with 49.30% improvement. These degradation models, fitted using the exponential decay
function, align closely with established modeling practices in lead-acid battery systems [35].
Literature pointed out that ultrasonication reduces the sulfation and internal resistance
while improving electrolyte mixing, which directly correlates with the enhanced SoC and
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voltage stability observed in this study [15,16]. This consistency with the results data,
between simulated results and prior experimental findings, strengthens the validity of the
model and confirms the reliability of the observed improvements.

The results in Table 6 demonstrate that simulation accuracy is highly dependent on
the load profile considered. Scenario 1 produced a relative error of 145.68%, indicating
that static demand assumptions significantly overestimate system performance. Similarly,
scenario 2 showed a high error of 142.23%, suggesting that unstructured fluctuations are
insufficient to reflect actual consumption patterns. By contrast, scenarios 3 and 5 yielded
the lowest errors at 25.50% and 22.17%, respectively. These results highlight the value
of incorporating realistic peak and off-peak demand variations. Scenario 4 resulted in a
moderate error of 40.53%, demonstrating that smoothed demand profiles, while predictable,
underrepresent the abrupt load changes. Lastly, scenario 6 produced the highest error of
152.60%, reflecting the difficulty of accurately modeling occupancy-driven load demand
consumption patterns.

4.4. Practical Implications

The results not only highlight comparative trends but also suggest a number of
technical points worth considering for both validation and application. The static load
simulations helped to show relative improvements with ultrasonic excitation, although they
only capture part of the picture. Real PV systems rarely operate in neat, predictable ways;
their loads are dynamic and can shift unexpectedly. For that reason, the simulations should
be taken as proof of concept, useful for direction but not for full-scale prediction. The
DC House experiments in Section 3 moved in the same direction, showing improvements
in state of charge and voltage, but not at the same scale. This difference underlines the
need to keep refining the model against experimental evidence. From an application angle,
the results imply that ultrasonic excitation could be added to existing DCLA systems as
a retrofit rather than a full redesign, which may be appealing for off-grid settings. At the
same time, whether this becomes practical will still depend on factors like cost, how durable
the devices are, and how smoothly they can be built into PV–battery systems. These are
questions for future work to explore more fully.

5. Conclusions
As demonstrated in this study, adding an ultrasonic device to a standalone photo-

voltaic (PV) system improved the performance of deep-cycle lead-acid (DCLA) batteries.
Across the different demand scenarios, the system with ultrasonic assistance consistently
held a higher state of charge (SoC) and showed more stable voltage compared with the
control. Under constant and variable loads, for instance, the ultrasonic setup averaged
78.8% SoC—more than double the control’s 37.9%—and sustained a voltage of 13.2 V com-
pared to 12.6 V. Even with the most demanding household load, the system still performed
29.32% better. These outcomes suggest that ultrasonic excitation can slow sulfation and
resistance buildup, leading to stronger energy retention and more stable operation.

From a technical point of view, this means ultrasonics can boost charge–discharge
efficiency, lengthen service life, and make DCLA batteries more reliable. In off-grid PV
systems, where storage is critical, these gains could help keep lead-acid technology relevant.
There are also broader benefits: batteries that last longer mean fewer replacements and
less waste, while lead-acid already has an established recycling chain. Nevertheless, it is
important to recognize the limitations of this approach. Newer chemistries like lithium-ion
and sodium-ion remain superior in terms of energy density and cycle life. Lithium-ion,
for example, typically delivers 150–250 Wh/kg, compared with only 30–50 Wh/kg for
lead-acid [36], and its longer cycle life often makes it more cost-effective over time [37]. But
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their higher upfront costs and uneven availability limit their use in many off-grid settings.
In such contexts, ultrasonic retrofits will not erase the gap, but they can narrow it, offering
a practical way to extend the usefulness of lead-acid where advanced chemistries are still
out of reach.

This work established a proof of concept by combining simulation and experimen-
tal benchmarking. The results showed clear agreement in trends between the MAT-
LAB/Simulink model and the DC House experiments, particularly under dynamic load
conditions. At the same time, this study has limitations: the simulations relied on averaged
inputs and static load profiles, which made it easier to highlight relative improvements
but did not reflect the variability in actual household PV demand. This explains why static
cases sometimes overstated performance, while dynamic cases came much closer, with
errors as low as 22%.

Looking forward, the next steps should include testing with dynamic and seasonal
load profiles, refining the simulation parameters, and extending the trials to longer periods.
Comparisons with lithium-ion and sodium-ion systems will also be needed to better
understand whether ultrasonic-enhanced lead-acid batteries are mainly a transitional
option or a practical bridge technology for off-grid energy systems.

Overall, this study provides encouraging evidence that ultrasonic excitation can
improve both the performance and the usable life of DCLA batteries. By showing agreement
between modeled and experimental trends, it lays the groundwork for future research
and for the practical use of ultrasonic desulfation as a tool to improve battery reliability in
renewable energy applications.
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