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Abstract

Solar  gel  batteries are widely used in Renewable Energy (RE) systems. However, harsh climatic and operational 
conditions pose major challenges in terms of reliability, safety, and performance. Improving battery reliability and 
performance requires a detailed understanding of the physical, electrochemical, and chemical processes occurring 
during charging and discharging cycles. In this study, the aging mechanisms of solar gel batteries are analyzed using 
Failure Mode and Effects Analysis (FMEA) to identify critical failure modes and their causes. Common charging 
profiles, including Constant Current (CC), Constant Voltage (CV), Constant Current-Constant Voltage CC–CV, Constant 
Current-Constant Voltage- Constant Current CC–CV–CC, and Pulse Current (PC), are first analyzed based on the 
battery voltage response to assess their influence on performance and charging time. A fuzzy logic-based approach is 
used to compute the Fuzzy Risk Priority Number (FRPN) using Occurrence (O), Severity (S), and Non-detection (ND) 
as input parameters. The charging profiles are then evaluated by combining the reliability factor (FRPN) and charging 
time using multi-criteria methods, including the combined score, TOPSIS, and Pareto analysis. The CC-CV-CC profile 
shows the best compromise among the conventional profiles with a Combined score of 0.465 and a TOPSIS score of 
0.986. In addition, a new charging profile derived from PC and CC-CV-CC is proposed to mitigate aging mechanisms 
while optimizing charging time, achieving the highest TOPSIS score (0.988) and lying on the Pareto front. The results 
demonstrate an improved balance between charging efficiency and battery reliability for RE systems.

Index-words: Battery Degradation, Charging Profiles, Failure Mode and Effect Analysis, Fuzzy 
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I.	 Introduction

In most RE applications, energy storage systems, 
especially batteries, are employed to ensure energy 
supply due to their low cost and availability in 
the marketplace. Despite the advancements made 
recently in the field of batteries, their performance 
is still characterized by deterioration over time 
due to the severe environments and operating 
conditions such as high temperature, overcharging, 
incomplete charge, and deep discharging [1-3]. These 
factors negatively affect the battery’s physical, 
chemical, and electrochemical behavior, thereby 
accelerating the emergence of different aging modes 
and their interactions [4–6]. As a result, lead-acid 
batteries emerge as the most fragile components 
of the system, with a significant economic impact 
related to the replacement of the defective batteries. 

Focusing on early intervention and prevention 
is necessary to address this issue. This can be 
achieved by optimizing battery design parameters 
and manufacturing processes or by minimizing the 
occurrence of aging modes during operation in RE 
applications. The proposed approach in this article 
focuses on minimizing aging mechanisms and 
limiting their effects during operation through a 
suitable choice of charge profile. The most common 
charge profiles are Constant Current (CC), Constant 
Voltage (CV), Constant Current-Constant Voltage 
(CC-CV), Constant Current-Constant Voltage-
Constant Current (CC-CV-CC), and Pulse Current 
(PC) [7-9]. Such charging profiles typically induce 
increased current stress during the early charging 
stage, higher operating voltages, prolonged charging 
durations, and enhanced thermal effects. Many 
research works have focused on the advantages 
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and disadvantages of the various charge profiles. 
Hamed Bizhani et al [9] give a comparison of several 
lead-acid battery charging profiles based on electro-
thermal performance factors, such as charging time, 
temperature, and battery voltage. Melvyn James et 
al [10] applied a pulse charge profile to submarine 
lead-acid batteries. According to the preliminary 
test findings, the pulse profile enhances the battery 
charge levels and reduces gas evolution rates. 
Sandhya Lavety et al [11] conducted a comparative 
assessment of temperature-controlled and 
uncontrolled charging strategies aimed at enhancing 
battery longevity and reducing charging duration. 
The study shows that a pulse-based charging 
strategy incorporating thermal control reduces the 
charging time by approximately 60% compared with 
the CC-CV protocol. Other studies have reported that 
the high-frequency impulse profiles are not superior 
to the CC-CV profile [9, 12]. Hybrid optimization and 
interpretable machine learning approaches have 
recently proven effective for improving renewable-
powered grid performance and stability [13, 14]. In 
this context, choosing a suitable charging profile 
for the battery, specifically in RE applications, is 
challenging and remains an active research area 
that necessitates a thorough investigation.

Many factors must be considered when choosing the 
charge profile, such as the charging rate, charging 
time, and charging method. Battery charging in RE 
applications is controlled by cell properties and the 
energy source’s output power. High-rate charging 
may induce thermal stress and deterioration of the 
active components in the electrodes, leading to a 
shorter operational life. However, slowly charging 
(with a low rate) can extend the time it takes to 
charge and may not fully charge the battery, which 
could reduce its overall capacity [4, 15]. This is 
particularly important in RE applications, where 
weather conditions such as cloudy or rainy days 
can further limit the available power and influence 
the choice of an optimal charging profile. Extended 
durations required for charging, therefore, represent 
a major challenge for the integration of batteries in 
RE applications, potentially increasing costs due to 
the need for expanded battery arrays or specialized 
charging equipment. For that, it is crucial to consider 
the charging time when selecting a charge profile 
to ensure system efficiency, reliability, and cost-
effectiveness.

In addition to these factors, the battery’s age and 
temperature should be considered when choosing 
the charge profile in RE applications. Batteries 

subjected to high temperatures or increased aging 
may require tailored charging profiles to maintain 
optimal performance and ensure safety. 

Overall, an in-depth study of the impact of different 
charge profiles on batteries is important for ensuring 
optimal performance, lifetime, and safety. This study 
applies a Fuzzy approach to evaluate the effects of 
various charge currents on battery reliability in 
RE applications, taking into account the charging 
duration, charge rate, temperature, and battery 
age. Failures are assessed using a Risk Priority 
Number (RPN) derived from severity (S), Occurrence 
(O), and Non-detection (ND) [16], which allows 
identification and prioritization of critical failure 
modes. Traditional FMECA can be limited due to 
the difficulty in precisely assigning these values and 
the equal weighting of all factors [17, 18]. To address 
these challenges, fuzzy FMEA is employed [19-21], 
using linguistic variables and membership functions 
to handle uncertainty, improve the objectivity 
of risk assessment, and provide a more realistic 
evaluation of battery degradation. Building on this, 
the FRPN is used to quantify the reliability of each 
profile, and a multi-criteria analysis combining 
FRPN and charging time is applied to compare them. 
This approach not only identifies the most suitable 
charge strategy for RE applications but also provides 
a systematic and quantitative framework for 
evaluating and optimizing charge profiles, advancing 
beyond the limitations of previous methods.

The rest of this paper outlines a structured approach 
for enhancing battery reliability in RE applications, 
with Section 2 providing a detailed description of 
the proposed analysis method. Section 3 provides 
an overview of the aging mechanisms of solar gel 
batteries and their causes using the FMEA method. 
Section 4 evaluates the impact of various charging 
profiles on battery performance and reliability. 
This section begins with an overview of the most 
commonly employed charging profiles in RE systems, 
then computes the FRPN using a fuzzy logic-based 
approach. At the end of this section, a multi-criteria 
analysis based on the combined score, TOPSIS 
ranking, and Pareto analysis is applied to identify 
the most suitable charging strategy in terms of 
reliability and charging duration. Section 5 proposes 
a novel reliability-oriented charging methodology 
that integrates the advantages of specific charging 
profiles to mitigate aging mechanisms while 
optimizing charging performance, and evaluates 
it using the same multi-criteria analysis. Finally, in 
section 6, some conclusions are presented.
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II.	 Methodological framework

The overall methodological framework developed 
in this study to assess and optimize charging current 
profiles for solar gel batteries used in RE applications 
is illustrated in Figure 1. Degradation analysis, FMEA 
approach, and fuzzy logic theory are all integrated 
into the proposed methodology to quantitatively 
assess the impact of various charging strategies 
on battery aging and operational performance. 
The framework also incorporates multi-criteria 
evaluation to ensure a comprehensive assessment of 
charging strategies in terms of reliability factor and 
charging time.

The process begins with a comprehensive review 
of aging phenomena affecting solar gel batteries, 
including electrode corrosion, hard sulfation of 
the electrodes, electrolyte stratification, and loss 
of active material. For each degradation mode, 
the corresponding causes and effects on battery 
performance are analyzed and organized using the 
FME structure. The results of this stage provide the 
fundamental knowledge required to assess the risks 
associated with different charging conditions.

The second stage involves a detailed investigation of 
the  charging  current  profiles used in  RE  applications   
to  understand  their influence  on  battery 
performance and degradation. The evaluation 
is considered using an electrical equivalent 
circuit model that captures the physicochemical, 
chemical, and electrochemical behavior of the 
battery. Different charging profiles are applied 
under controlled simulation conditions, where 
key operational parameters such as charging time, 
charging current rate, and battery voltage behavior 
during charging are analyzed. These parameters 
directly influence the severity and occurrence 
of the degradation mechanisms identified in the 
previous stage. Consequently, they serve as the basis 
for evaluating the risk factors within the FMEA 
framework. 

In the third stage, a fuzzy logic-based FMEA 
approach is implemented to address the limitations 
of conventional FMEA methods, particularly in 
dealing with uncertainty and imprecision inherent 
in risk evaluation. The FMEA risk factors S, O, 
and ND  are  used  as  input  variables of the fuzzy 

inference system. Each variable is represented by 
appropriate linguistic membership functions that 
reflect expert knowledge and the uncertainty 
associated with battery degradation processes. A 
set of fuzzy inference rules in the form of ‘if-Then’ 
statements is defined to describe the relationship 
between the input risk factors and the resulting risk 
level. The fuzzy inference process is performed using 
the Mamdani approach with min-max inference 
operations. The aggregated fuzzy output is then 
transformed into a numerical value representing the 
FRPN through the center of gravity defuzzification 
method [22-29].

In the fourth stage, the calculated FRPN values 
are used to evaluate and compare the degradation 
risk associated with each charging current profile. 
The total FRPN provides a quantitative indicator 
of the potential impact of each charging strategy 
on battery reliability and lifetime. In addition to 
the  degradation  risk  assessment,  the charging 
time factor  is  also considered to ensure that the 
evaluation reflects both battery durability and 
operational efficiency requirements. Based on 
these  criteria,  a comprehensive  comparison  of 
the different charging profiles is performed using 
multi-criteria decision-making methods, including 
Combined score evaluation, TOPSIS ranking, 
and Pareto analysis. This approach enables the 
identification of the most suitable charging strategy 
by considering the trade-off between reliability and 
charging performance in RE systems.

Finally, an optimized charging current profile 
is proposed to balance fast charging capability 
with battery longevity. The strategy considers 
electrochemical behavior and operational 
constraints, as well as manufacturer charging 
recommendations, to ensure safe and efficient 
system operation while enhancing durability. It 
integrates the results of the degradation analysis, 
the fuzzy FMEA-based FRPN evaluation, and the 
multi-criteria decision-making results, including 
the combined score,  TOPSIS  ranking,  and 
Pareto analysis, to compare the proposed profile 
with conventional strategies. This allows the 
identification of the most effective charging strategy 
and highlights the advantages of the new profile in a 
systematic and quantitative manner. 
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Figure 1: Methodological workflow for evaluating and optimizing charging current profiles for solar gel batteries.

III.	 Aging mechanisms                       
of the solar battery

The variability of energy supply and improper 
charging strategies can induce harmful chemical, 
physico-chemical, and electrochemical reactions on 

the different components of the battery [22]. The 
battery experiences multiple aging processes, with 
the electrodes subjected to active mass detachment, 
hard sulfation, and corrosion phenomena, and the 
electrolyte affected primarily by stratification, as 
illustrated in Figure 2.
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Figure 2: Aging modes of solar batteries.

The decohesion of the active mass is characterized 
by active mass degradation and shedding. Over time, 
the active mass on the battery plates degrades and 
changes its structure, cohesion, PbO2 distribution, 
and size. It loses some electrical transfer properties 
and reduces the battery capacity [8]. The shedding 
occurs when the active material separates from the 
electrode structure, causing particles to collect at the 
cell bottom and can trigger internal short circuits 
between the positive and negative electrodes [5]. 
It is due to bad operation of the charger, a high 
temperature, a deep discharge, intensive use: fast 
charging and discharging, or an overcharge.

Electrode corrosion occurs when insufficient 
electrolyte coverage exposes the electrode surface, 
leading to oxidation [7]. This degradation increases 
internal resistance and reduces capacity, and is 
accelerated by high temperature, improper charging, 
intensive use: fast charging and discharging, and an 
overcharge.

Hard sulfation occurs when electrodes remain 
deeply discharged for extended periods, leading to 
the growth of lead sulfate (PbSO4) crystals that are 
difficult to dissolve during subsequent charge. As a 
result, an electrical insulating layer is created, and 
the amount of the active mass decreases. 

Electrolyte stratification, resulting from acid 
accumulation at the cell bottom, induces localized 
electrode reactions and diminishes the overall  
battery capacity. Incomplete charge and deep 
discharge contribute to electrolyte stratification. 
To improve battery reliability and durability in 
RE applications, an FMEA-based assessment is 
performed to identify key causes and contributors 
to degradation affecting both the electrode and 
electrolyte (Table 1).

Table 1: FMEA of solar gel battery

Function Failure 
modes

Effects Causes

The 
ability 
of the 
battery to 
supply the 
voltage 
and 
current 
necessary 
to supply 
a load.

F1: 
Stratification 
of electrolyte 

-	Acid accumulation 
at the cell bottom.

-	An inhomogeneity 
of the electrodes’ 
discharge.

-	Capacity fade.

C1: Deep 
discharge and 
absence of 
charge

C2: Cycling 
with an 
incomplete 
charge 

F2: Corrosion 
of the 
electrodes

-	Contact loss with 
electrolyte 

-	Oxidation of lead 
grid to PbO2.

-	Mechanical 
weakening of the 
grid due to lead 
consumption, Pb.

C3: Bad 
operation of 
the charger    

C4: 
Overcharge 

C5: High 
temperature 

C6: Intensive 
use: fast 
charging and 
discharging

F3: Hard 
sulfating 
of the 
electrodes

-	Formation of 
an electrically 
insulating layer, 
a low porosity 
layer limiting acid 
diffusion. 

C1: Deep 
discharge and 
absence of 
charge

C2: Cycling 
with an 
incomplete 
charge 

F4: Poor 
cohesion of 
the active 
mass 

-	Shedding: Change 
of the active mass 
structure 

C3: Bad 
operation of 
the charger    

C5: High 
temperature

C4: 
Overcharge

C1: Deep 
discharge and 
absence of 
charge

-	Degradation of the 
active mass with 
particles shedding 
at the cell bottom.

C6: Intensive 
use: fast 
charging and 
discharging

C7: Cycling
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IV.	 Overview of charging profiles’ 
impact on the battery performance 
and reliability

A.	 Equivalent electric circuit model

In many research studies, the evaluation of the 
efficacy of various charge profiles was based on the 
battery model [9, 11]. The battery can be modeled by: 
the mathematical model, the electrical model, and the  

electrochemical  model [30]. Among these models, 
the electric equivalent circuit model is the most 
suitable, which can take into account the chemical, 
physicochemical, and electrochemical phenomena 
acting during the charging and discharging modes. 
It also allows for easy simulation of the battery 
behavior in real-time, such as state of charge (SOC), 
terminal voltage, current, internal resistance, etc [11, 
31]. An equivalent electric circuit model of a battery 
is shown in Fig.3. 

Figure 3: Electrical equivalent circuit.

Where the internal resistance RΩ 
represents the 

voltage drop in the electrolyte and electrodes. Both 
the double-layer capacitance Cdl and the charge 
transfer resistance Rtc model the charge transfer 
zone. Zw is the Warburg impedance, which is an 
infinite sum of parallel RC cells representing the 
diffusion phenomenon [32].

The SOC can be calculated by the current integration 
method [33].

	                                (1)

Where C is the rated battery capacity, for the present 
case, it is 100Ah. The SOCᵢₙᵢ is used to identify the 
open-circuit voltage (OCV) of the battery (Figure 4). 

To accurately characterize the electrochemical 
behavior of the battery, the open-circuit voltage 
(OCV) was measured at different states of charge 
(SOC) as shown in Figure 4.

 

Figure 4: OCV vs SOC curve.
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To obtain a curve of OCV as a function of SOC with 
sufficient resolution to be used correctly in the 
electrical model, an interval of measurements at 
10% of SOC is used. This OCV-SOC curve provides 
essential information for calibrating the electrical 
equivalent circuit model and assessing battery 

performance under varying charging conditions. 

With the lead acid battery operating at a charge 
rate of C/10 under standard conditions (SOC=50% 
and T=25°C), as seen in Figure 5, an estimate of the 
electrical equivalent model parameters was made.

Figure 5: (a)Voltage responses of solar battery with SOCᵢₙᵢ=50% and Crate=C/10, (b) battery voltage error.

Table 2 displays the results of parameter 
identification. In [34], the details of determining the 
model’s electrical parameters are discussed.

Table 2: Estimated electrical equivalent circuit parameters of 
the lead acid battery for SOC =50%

Parameters Eeq (V) RΩ (Ω) Rtc(Ω) Cdl (F) K1 K2

Value 12.06 0.028 0.03 330 6.45102 9.5610-3

The comparison between the simulated model 
voltage response and the experimental voltage 
response shows that there is no overall divergence 
between both responses and the total error band is 
<0.1% (Fig 5 (b)).

B.	 Evaluation of battery behavior under 
Various charging profiles

The earlier section presented an evaluation of 
the primary failure mechanisms in lead batteries, 
detailing their causes and consequences, based 
on FMEA tools. Among the causes mentioned, 
the charging profile is the primary determinant 
of battery performance, longevity, and reliability. 
Using the wrong charging profile can facilitate the 
appearance of the degradation modes and accelerate 
damage to the battery. Building on the electrical 
equivalent model presented in the previous section, 
this section performs an in-depth evaluation of 
various charging profiles to assess energy efficiency 
and their impact on battery behavior. The simulation 
of the different charging profiles, including (a) CC, (b) 
CC-CV, (c) CC-CV-CC, and (d) PC, is developed and 
shown in Figure 6.
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Figure 6: Different charge current profiles for a solar battery.

•	 Constant Current: The most commonly used 
profile to charge the battery is the CC profile 
(Figure 6.a) due to its ease of programming 
and its rapidity. Two strategies control the CC 
profile: charging stops at 100%SOC in the SOC-
based method, or at the maximum voltage in 
the voltage-based method [1]. In this study, 
the SOC-based method is used. Under a CC 
charging profile, the duration of charge is 
directly linked to the current rate, enabling 
a simple and reliable estimation of charging 
time. As shown in Figure 6. a, the charging time 
is 5h with a C-rate equal to C/10 for a battery 
of 100Ah and SOCini= 50%. The possibility of 
over-charging and battery temperature rise 
is a disadvantage of this method, especially 
when the charge control is based on SOC [9]. As 

the result shows, when SOC reaches 100%, the 
voltage exceeds the maximum voltage (14.4V), 
which is called the gassing voltage. The gassing 
voltages indicate when gas formation starts 
to significantly increase the battery voltage, 
with the gas current nearing the maximum 
effective charging current. So, an intense 
evolution of oxygen gas at the positive plates 
and hydrogen gas at the negative plates starts. 
The  diffusion phenomena associated with 
the release of HSO4- ions in the electrolyte 
develop polarization overvoltage, which is 
added to the overvoltage of Ohmic origin. In 
addition, the crystal formed at active sites will 
become larger at the end of the charging by 
constant current, leading to a lower surface 
area of the active mass [35]. Therefore, the 
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CC charging profile leads to accelerated aging 
from overcharging and gas formation, limiting 
its suitability for high-speed charging in RE 
applications [36].

•	 Constant Current - Constant Voltage: CC-CV 
charging profile is a common charging profile 
used for batteries in RE applications (Figure 6.b). 
This charging profile consists of the combined 
CC and CV methods. During the CC step, a 
current of C/10 is applied until the battery 
voltage attains 14.1V. At the beginning of the 
charging process, the voltage increases while 
gas generation stays at a low level and does not 
influence the overall charging behavior. This 
step is typically used to charge the battery 
quickly and efficiently. When the charging 
voltage is attained, the system switches to the 
CV step (II). Generally, the applied terminal 
voltage ranges between 2.30V and 2.45 V 
per cell. This step is used to ensure that the 
battery is fully charged without overcharging 
it, which damages the battery. Otherwise, 
the gassing voltage values depend on both 
charge reaction rates and gassing reactions. 
Therefore, gassing voltage values vary with 
many parameters such as temperature, 
charge rate, alloy quality, age, and history 
of the battery. With aging, reduced charge 
acceptance causes gas evolution to appear 
earlier during charging. This behavior can lead 
to increased gas generation and accelerated 
battery degradation. Another issue with this 
profile is that the charging time depends on 
the current rate. Figure 6 illustrates that the 
charging time with the CC-CV profile is around 
7h44min when the battery was supplied with 
a C-rate equal to C/10, which is significantly 
longer compared to the CC profile. Moreover, 
continuous charging at currents above C/10 
promotes temperature rise and can lead to 
thermal runaway [11]. In the CC-CV charging 
profile, current selection remains critical, as 
high currents raise thermal stress while low 
currents extend the charging duration.

•	 Constant Current - Constant Voltage - 
Constant Current: The third most commonly 
used profile for charging the battery is a 
three-step profile, which (Figure 6.c): CC(I)-
CV (II)-CC(III). Steps I and III both operate 
under constant current (or constant power), 
but step I charges the battery (60-90% of 
SOC), while step II, called the destratification 

phase, is essentially dedicated to the gassing 
phenomenon. In the second step (II), the 
charger maintains a constant voltage while 
the battery’s current gradually decreases. This 
step is used to charge the battery to its full 
capacity. In step III, the recommended current 
C/40 is applied, exceeding the battery’s charge 
acceptance. This induces gas formation, which 
helps to homogenize the concentration of 
the electrolyte in the inter-electrode volume. 
Otherwise, careful control of energy in the 
destratification phase is necessary to prevent 
electrode damage, electrolyte loss, hydrogen 
hazards, and to ensure efficient energy 
utilization (e.g., in the case of RE applications, 
to use the available solar power as efficiently 
as possible). Therefore, the charge acceptance, 
like gassing voltage values and gassing 
current, varies with many parameters such as 
temperature, charge rate, and age of the battery. 
During the destratification phase, currents 
below the battery’s charge acceptance do not 
promote gassing and only delay charging. 
When the applied current exceeds C/40, the 
uncertainty in charge acceptance and gazing 
current complicates control, potentially 
leading to excessive gas evolution and battery 
degradation. The charging time with the CC-
CV-CC profile is around 7h27min, where the 
destratification phase is around 1h13min. This 
charging time is shorter than for the CC-CV 
profile but still longer than the CC profile.

•	 Pulse Current: A PC profile for a battery is a 
charging method that involves the charging 
mode in short pulses instead of a continuous 
charge. High current pulses are applied with 
intermittent rest periods to allow cooling, 
repeating until full charge is achieved, as 
shown in Fig 6.d. During the rest periods, the 
gassing is stopped and allowed for the water 
and the acid to diffuse into the interior of the 
plates. This period enables the reaction of the 
acid with the remainder of the lead oxide in 
the plates. When the charge current is again 
started, more lead sulfate is generated, and the 
water is presented as part of the filling reaction. 
The rest intervals also permit completion of 
chemical reactions, thereby helping to prevent 
excessive gas evolution. This profile is useful 
not only in providing a time to penetration of 
the electrolyte but also in decreasing the heat 
dissipated by the rest period. In the PC profile, 
the amplitude, duration, and frequency of the 
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pulses are key parameters that significantly 
influence the charging behavior [22]. Using a 
high-frequency PC profile can recover highly 
sulfated lead-acid batteries and reduce the gas 
evolution [10]. Thus, in RE applications where 
batteries may remain partially discharged 
for extended periods, using a PC profile 
may increase their operational longevity by 
reducing the evolution of the lead sulfate 
on the electrodes, or will even recover the 
“rechargeability” of those batteries. With high 
pulsed current charging, the average voltage is 
similar, but the instantaneous voltage is much 
higher. This increased driving force allows 
crystals to form more randomly and rapidly. 
During the rest periods, the crystal growth 
will cease. When current is reapplied, new 
forms rather than existing ones grow further, 

preventing excessive crystal enlargement and 
preserving capacity [36]. To avoid overheating, 
the pulse duration should be limited so that 
the temperature rise remains within safe 
limits. Therefore, the strategy was to keep the 
pulses with small profiles, i.e., short time at 
these high voltage levels. As shown in Fig. 6.d, 
the charging time with PC profile is 7h19min 
when a current rate of C/10 with a 20 min rest 
period was applied to the battery, which is 
longer than the CC profile.

C.	 Fuzzy FMECA method

For the FRPN assessment in fuzzy FMECA, the input 
factors “S”, “O”, and “ND” are assigned linguistic levels: 
Low “L”, Moderate “M”, High “H”, and Very High “VH” 
(Table 3) [33,34]. 

Table 3: Ranking and membership functions for input and FRPN factors

Factors Membership functions 

Z-Shaped fuzzy membership Gaussian Fuzzy membership Z-Shaped fuzzy membership
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S, O, ND

 Low “L”, Moderate “M”, High “H”, and Very High “VH”

FRPN

Low “L”, High Low “HL”, Low Moderate “LM”, Moderate “M”, High Moderate “HM”, Low High “LH”, High “H”,                     
and Very High “VH”
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The fuzzification of these inputs is implemented 
in MATLAB using a combination of Gaussian, 
Z-Shaped, and S-Shaped membership functions. 
The resulting FRPN is defined over a range from 1 
to 1000, classified into 8 ascending levels from Low 
to Very High (Low “L”, High Low “HL”, Low Moderate 
“LM”, Moderate “M”, High Moderate “HM”, Low High 

“LH”, High “H” and Very High “VH”), modeled using 
Gaussian membership function. In fuzzy FMECA, 
the rule base size is given by multiplying the 
linguistic levels of S, O, and ND [39]. For this study, 
64 rules are generated from the three inputs, each 
with four linguistic terms, as shown in Table 4.

Table 4: The rules in each consequence

ND

Low Moderate High Very high

O

L
ow S

Low L L L L

Moderate L L L L

High L L HL HL

Very high L HL HL LM

M
o

d
er

at
e

S

Low L L L L

Moderate L HL LM LM

High HL LM M M

Very high LM M HM LH

H
ig

h

S

Low L L HL HL

Moderate HL LM M M

High LM M HM LH

Very high M HM LH H

V
er

y
 h

ig
h

S

Low L HL HL LM

Moderate LM M HM LH

High LM HM LH H

Very high M LH H VH

Using MATLAB’s Fuzzy Rule Viewer, the impact of 
membership function shapes on the FRPN output 
can be analyzed. Adjusting the inputs S, O, and 
ND allows visualization of both individual rule 

responses and the final defuzzified FRPN value 
[39]. The overall fuzzy inference procedure used to 
obtain the FRPN value is illustrated in Fig. 7.

Figure 7: Fuzzy FRPN evaluation procedure using MATLAB.
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D.	 Comparative evaluation of charging 
profiles

In RE applications, the appropriate charge current 
profile should strike a compromise between charging 
time and reliability. Since the effect of charge profiles 
on battery reliability is a complex topic, a fuzzy risk 

assessment was conducted for the various charge 
current profiles. Table 5 summarizes the total FRPN 
values and the corresponding charging times for each 
charging current profile, allowing a comprehensive 
comparison of their impact on battery degradation 
and charging performance. 

Table 5: Failure risk index evaluation using Fuzzy FMECA and charging time for each profile

CC profile CC-CV profile CC-CV-CC profile PC profile

Failure 
modes

Causes S1 ND1 O1 FRPN1 S2 ND2 O2 FRPN2 S3 ND3 O3 FRPN3 S4 ND4 O4 FRPN4

F1 C1 4 1 4 12.4 4 1 4 12.4 4 1 4 12.4 4 1 4 12.4

C2 4 1 4 12.4 4 1 4 12.4 1 1 1 12.2 4 1 4 12.4

F2 C3 7 2 1 15.2 7 2 1 15.2 7 2 1 12.4 7 2 1 12.4

C4 7 1 10 60.1 7 1 4 30.2 7 1 4 30.2 7 1 7 60.1

C5 7 1 10 60.1 7 1 4 30.2 7 1 4 30.2 7 1 7 60.1

C6 7 1 7 60.1 7 1 7 60.1 7 1 7 60.1 7 1 7 60.1

F3 C1 7 1 4 30.2 7 1 4 30.2 7 1 4 30.2 4 1 4 12.4

C2 7 1 4 30.2 7 1 4 30.2 7 1 1 12.3 4 1 4 12.4

F4 C3 10 2 1 30.3 10 2 1 30.3 10 2 1 30.3 10 2 1 30.3

C5 10 1 10 100 10 1 4 60.1 10 1 4 60.1 10 1 7 60.1

C4 10 1 10 100 10 1 4 60.1 10 1 4 60.1 10 1 7 60.1

C1 10 1 4 60.1 10 1 4 60.1 10 1 4 60.1 10 1 4 60.1

C6 10 3 7 200 10 3 7 200 10 3 7 200 10 3 7 200

C7 10 3 7 200 10 3 7 200 10 3 7 200 10 3 7 200

Total FRPN 971.1 831.5 810.6 852.9

Tch 5h 7h44min 7h27min 7h19min

The evaluation of the failure risk index for each 
charging profile is performed using the fuzzy 
FMECA approach. For each failure mode Fi, the 
FRPN is calculated by summing the FRPN values if 
its underlying causes Cj: 

                                                            (5)

For instance, for failure mode F1 with causes C1 and 
C2:

                                                  (6)

Similarly, for failure mode F2 with causes C3, C4, C5 

and C6: 

(7)

The total FRPN for each charging profile is then 
obtained by summing the FRPNs of all failure modes:

                                            (8)

This procedure allows the quantitative assessment 
of risk for each charging profile, taking into account 
both the individual causes and the failure modes, 
as reported in Table 5 alongside the corresponding 
charging times ‘Tch’. 

As can be seen in Table 5, the main aging mode of the 
batteries in RE applications is F4 (the non-cohesion 
of the active mass) with a very high severity equal 
to 10 for all profiles. Then, F2 (the corrosion of the 
electrode) and F3 (the hard sulfating of the electrode) 
with a high severity equal to 7, except for the PC 
profile, where the severity of F3 decreased to 4 due 
to its ability to recover highly sulfated lead-acid 
batteries. F1 (the stratification of the electrolyte) has 
a medium severity equal to 4 for all charge profiles 
except the CC-CV-CC profile, where the severity of 
F1 decreased to 1 due to its ability to homogenize the 
concentration of the electrolyte. 

Whatever the type of charge profile, the intensive 
uses of the battery (C6) and cycling (C7) in RE 
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applications have a high occurrence probability 
equal to 7. Another cause of battery aging in RE 
applications is the deep discharge with the absence 
of charge (C1), which has a medium occurrence 
probability equal to 4. To avoid C1, which causes 
F1, F2, and F4, an energy management system is 
required by fixing the maximum state of discharging 
at 40% in the RE applications [29]. The bad operation 
of the charger (C3) has a low occurrence probability 
equal to 1, whatever the type of charge profile. 

According to the fuzzy risk assessment, the CC 
profile is the worst charge profile for batteries in 
RE applications with an FRPN value of 971,1. The 
main drawbacks of this profile are overcharging (C4) 
and overheating (C5), with very high occurrence 
probability. The incomplete charge (C2) has an 
occurrence   value  equal  to  4  when  the  charge  
control of the CC profile is based on the battery’s 
voltage. This  facilitates the  stratification  of 
electrolyte F1  and  the hard  sulfating of  the 
electrodes F3. Therefore, the average life of the 
battery using the CC profile in RE applications is 
the lowest. The PC profile has a lower FRPN value 
than the CC profile of about 852,9 as the occurrence 
of C4 and C5 decreases to 7, and the severity of F3 
decreases to 4 when a higher frequency is used. For 
the profiles CC-CV and CC-CV-CC, the FRPN value 
is 831.5 and 810.6, respectively, with a medium 
occurrence probability of C4 and C5. In fact, the 
gassing voltage value is not fixed and is affected by 
the age and history of the battery. At the beginning 
of battery lifetime, C4 and C5 are avoided. As the 
battery ages, the transient phase decreases and 
the gassing voltage increases compared to a new 
battery. For that, F3 and F4 are not the main aging 
modes when using these charge profiles. The benefit 
of the CC-CV-CC profile against the CC-CV profile is 
its efficiency to avoid F1, by the use of low current 
at the end of charge, so the severity of this aging 
mechanism is low. 

In   addition   to  this  reliability  assessment,  the  
charging times reported in Table 5 provide an 
operational perspective: profiles with shorter 
charging times, such as CC, allow faster energy 
replenishment, while longer charging profiles, 
like CC-CV and CC-CV-CC, may reduce system 
availability despite potentially lower risks. 
Considering both reliability (FRPN values) and 
charging time ‘Tch’,  these insights form the basis 
for a  comparative  analysis  using  combined score 
TOPSIS and Pareto methods to identify the most 
balanced charging strategy. 

To ensure comparability between the criteria, the 
FRPN and Tch values were first normalized using 
the min-max normalization method. For a given 
criterion xi, the normalized value is calculated as: 

                                                         (9)

Based on these normalized indicators, a Combined 
score  was calculated to provide a balanced 
evaluation of the charging profiles. 

                          (10)

Where  FRPNₙₒᵣₘ represents the normalized 
reliability indicator, and Tch-norm represents the 
normalized charging time. 

In addition, the TOPSIS method was applied to rank 
the charging profiles according to their proximity to 
an ideal solution characterized by minimum FRPN 
and minimum Tch. The Euclidean distances from 
the ideal and anti-ideal solutions are calculated as 
[40, 41]: 

	                             (11)

                                   (12)

With 

 is the ideal value for each criterion (best Tch, 
best FRPN)

 is the anti-ideal value for each criterion (worst 
Tch, worst FRPN)

	                                             (13)

								      

                                               (14)

With 

 = Euclidean distance of the i-th charging profile 
from the positive ideal solution

= Euclidean distance of the i-th charging profile 
from the anti-ideal solution

vij = weighted normalized value of the i-th charging 
profile for the j-th criterion. 

N = Nombre of profiles 
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The relative closeness to the ideal solution is then 
obtained as: 

                                                                           (15)

In addition, a Pareto analysis was performed to 

visualize the trade-off between charging time and 
reliability. A charging profile is considered Pareto 
optimal if no other profile improves one criterion 
without degrading the other. Figure 8 illustrates the 
results of the comparative assessment of charging 
profiles using the combined score, TOPSIS, and 
Pareto analysis based on FRPN and charging time.

Figure 8: Comparison of charging profiles using the combined score, TOPSIS, and Pareto analysis based on FRPN                           
and charging time.

The results obtained from the Combined score 
analysis, illustrated in Fig 8, reveal noticeable 
differences among the considered charging profiles. 
Since both criteria are to be minimized (shorter 
charging time and lower FRPN are preferable), a 
lower Combined Score indicates a more favorable 
charging profile. The PC profile achieves the highest 
Combined score (0.581), indicating the least favorable 
trade-off between charging time and FRPN. The CC-
CV profile follows with a score of 0.565, showing 
competitive performance in balancing both criteria. 
In contrast, the CC-CV-CC profile presents a slightly 
lower score (0.465), suggesting a more optimal 
compromise, while the CC profile obtains a value of 
approximately 0.500, showing a moderate balance 
between the two criteria.  

The TOPSIS analysis provides further insight into 
the relative ranking of the charging profiles. As 
shown in Fig 8, the CC-CV-CC profile achieves the 
highest TOPSIS score (0.986), indicating the closest 
proximity to the ideal solution defined by minimum 

FRPN and minimum charging time. The PC profile 
also demonstrates strong performance with a 
TOPSIS score of 0.736, confirming its balanced 
characteristics between the two criteria. In contrast, 
the CC profile shows a very low TOPSIS score (0.015), 
indicating that although it enables fast charging, its 
reliability performance makes it significantly distant 
from the ideal solution. 

To further analyze the trade-off between charging 
time and reliability, a Pareto analysis was conducted. 
The results presented in Fig 8 show that the PC and 
CC-CV-CC profiles lie close to the Pareto optimal 
region, indicating that these profiles offer balanced 
performance in terms of both criteria. On the other 
hand, the CC profile appears at the extreme region of 
minimum charging time but with higher reliability 
risk, suggesting that the gain in charging speed may 
come at the expense of increased battery degradation 
over long-term operation. Overall, the combined use 
of the combined score evaluation, TOPSIS ranking, 
and Pareto analysis provides a comprehensive 
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framework for comparing charging profiles. 
These complementary methods demonstrate that 
charging profiles cannot be evaluated solely based 
on charging time. While the CC profile enables the 
short charging duration, the combined evaluation 
of reliability and operational efficiency indicates 
that profiles such as PC and CC-CV-CC provide a 
more balanced compromise. These results highlight 
the importance of integrating reliability indicators 
such as FRPN with operational parameters when 
selecting optimal charging strategies for battery 
energy storage systems.

V.	 Proposed novel reliability-
oriented charging profile

In   the   previous   section,   a  comprehensive   
comparison  between  the  various  charging  profiles   
in  RE  applications   was  carried  out   based on  reliability 
and charging time  coefficients.    The analysis  shows  
that  the  issues   related   to  these  charge profiles 
are overcharging, overheating, incomplete charging, 
and long charging time. A high charge  current 

during  the initial    steps  of charging can reduce the 
charging time, while a gradual decrease towards the 
end of the charging cycle can ensure the  battery is 
fully charged without overcharging or overheating. 
In this context, a new charge profile based on three  
steps is proposed in this section to ensure battery 
optimal performance and longevity,  as shown in  
Figure 9.  In the first step (II),  the battery is charged 
with a high pulse current instead of a continuous 
current until it reaches the gassing voltage (14.4V).   
The aim of this step is to reduce the evolution of the 
lead sulfate (PbSO4) crystals on the electrodes and 
charge the battery quickly and efficiently. In the 
second step (II), the charger switches to the constant 
voltage “Gassing Voltage” while the battery’s 
current gradually decreases. This step is used to 
charge the battery, 60 to 99% of SOC appropriately, 
and avoid the gassing phenomenon.  In the third 
step (III), the battery is charged with a low constant 
current until the SOC reach 100%. The aim of this 
step is to charge the battery to its full capacity and 
to homogenize the electrolyte concentration in 
the inter-electrode volume, which can avoid the 
stratification phenomenon.

Figure 9: Three-step charging current profile (7h13min).
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Table 6 shows the fuzzy risk assessment of the three-
step charge current profile and the corresponding 
charging time.

Table 6: Risk priority number for the three-step current profile and the corresponding charging time

Failure modes Causes Three Steps Current profile

S ND O1 FRPN1

F1 C1 4 1 4 12.4

C2 1 1 4 12.2

F2 C3 7 2 1 15.2

C4 7 1 4 30.2

C5 7 1 4 30.2

C6 7 1 7 60.1

F3 C1 4 1 4 12.4

C2 4 1 4 12.4

F4 C3  10 2 1 30.3

C5  10 1 4 60.1

C4 10 1 4 60.1

C1 10 1 4 60.1

C6  10 3 7 200

C7  10 3 7 200

Total FRPN 795.7

Tch 7h 13min

The comparative evaluation of the charging profiles, 
including the new profile, is presented in Fig 10. The 
analysis combines three multi-criteria approaches: 

combined score, TOPSIS ranking, and Pareto analysis 
to evaluate the trade-off between battery reliability 
(FRPN) and charging time.

Figure 10: Comparison of conventional and proposed charging profiles using combined score, TOPSIS, and Pareto analysis.
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As shown in Figure 10, while the combined score 
slightly favors the new profile (0.436), the TOPSIS 
results indicate that the new profile achieves the 
highest score (0.988), corresponding to the closest 
proximity to the ideal solution defined by minimum 
FRPN and minimum charging time. The Pareto 
analysis  further confirms this trend,  showing 
that the  new  profile  lies on the Pareto  front 
and dominates three other profiles, indicating 
an improved trade-off between charging time 
and reliability. Overall, the combined analysis 
suggests that the new charging strategy represents 
a promising solution for achieving an improved 
balance between charging efficiency and battery 
reliability.

VI.	 Conclusions 

Batteries deployed in RE applications are subjected 
to harsh environments and operating conditions, 
which encourage the occurrence of several aging 
modes, including stratification of electrolyte, 
corrosion of the electrodes, hard sulfating of the 
electrodes, and poor cohesion of the active mass. To 
mitigate the aging modes, it is important to use high-
quality batteries, maintain them properly, and use 
the right charge profile. The charge profile can have 
a significant impact on the battery’s performance 

and longevity. In this regard, a comprehensive 
comparison of various charge profiles using the 
fuzzy method was provided. Seven critical failure 
causes (C1…, C7) were identified through the analysis 
of the various aging mechanisms of the solar battery 
using the FMEA technique.

The results obtained using fuzzy logic analysis 
showed that the selected profile allowing the 
improvement of the solar batteries’ performances is 
the CC-CV-CC profile, with an FRPN value of 810.6 
and a charging time Tch of 7h 17min, achieving 
a Combined score of 0.465 and a TOPSIS score of 
0.986. This charging profile has a better compromise 
between reliability (FRPN) and charging time among 
the other profiles. Otherwise, CC, CC-CV, and PC 
profiles show moderate efficiency, with Combined 
scores of 0.500, 0.565, and 0.581, respectively.

This  study is completed by elaborating a new 
charging  profile  based  on a combination of PC  
and CC-CV-CC profiles.  The proposed new profile 
achieves a TOPSIS score of 0.988, lies on the Pareto 
front, and dominates 4 other profiles, demonstrating 
a highly efficient trade-off between charging time 
Tch and reliability (FRPN). This strategy allows 
a significant improvement in the expected life 
and performance of batteries dedicated to RE 
applications.
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