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ABSTRACT The most versatile resource for storing energy is one that can rapidly charge or discharge while
supporting the use of renewable energy. As renewable energy sources advance rapidly, batteries play a pivotal
role in this progress. When integrating battery energy storage into a renewable energy system, it’s crucial to
address the issue of battery degradation while implementing operational strategies. Furthermore, since solar
irradiation varies due to changing cloud conditions, it can impact how batteries charge and discharge. This
study focuses on investigating battery degradation and lifetime. Experimental work is being conducted with
lead acid batteries connected to a solar photovoltaics system. The paper provides a detailed investigation of
commonly usedmethods for predicting battery lifespan. It also analyzes aspects such as the effects of depth of
discharge (DoD) and battery charge/discharge on temperature changes due to degradation. Using the coarse
average approach, global battery aging, weighted Ah aging method, and RFC method, this paper estimates
the DoD, temperature, life cycle loss (%), and lifespan and evaluates the extent of battery degradation. The
battery lifespan is estimated using this method to be 8.42, 8.72, 8.33, and 8.93 years, respectively.

INDEX TERMS Battery lifetime, solar energy, photovoltaic, average approach, global battery aging, rain
flow counting method, weighted Ah aging model.

I. INTRODUCTION
In recent years, the integration of renewable energy sources,
such as solar power, has become an increasingly pivotal
component of sustainable energy systems. As we transi-
tion towards cleaner and more efficient energy solutions,
understanding the performance and degradation of energy
storage systems, particularly batteries, under dynamic con-
ditions becomes paramount. Integrating photovoltaics (PV)
with batteries is challenging due to the inherently intermit-
tent nature of solar radiation. However, in the presence of
intermittent solar radiation, evaluating the degradation of
battery systems is significant. The identification of a battery
degradation method reduces battery losses as well as makes
the battery healthy. Through a comprehensive analysis, the
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research sheds light on the nuanced intricacies of battery
behavior, fostering advancements in sustainable energy
storage technologies.

The PV coupled batteries are optimal sizing for the house-
hold’s economic viewpoint, and batteries have peak saving
potential [1]. A lead-acid battery consists of a chemical
storage device that converts chemical energy into electricity.
In addition to their design being resistant to temperature,
lead-acid batteries are highly reactive to chemical reactions.
Battery performance is affected by the environment in which
it is used.

Renewable energy sources are currently being subsidized
and are receiving financial assistance from the government
through various schemes and subsidies. Moreover, in power
grid applications the use limit allows up to 100 MW for
lead-acid batteries technology and 1MW for lithium tech-
nology [2], [3]. Normal lithium batteries are used in static
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applications like hybrid vehicles due to their low weight and
high performance [4], [5], [6]. However, to increase the bat-
tery’s lifespan the manufacturers recommended that maintain
battery temperature be 25◦C to 35◦C [7]. To temperature
rising of batteries are significant battery capacity and power
degradation. The result is higher degradation due to charge
and discharge increase cell temperature. Therefore, this is
considered as one of the reasons for the degradation rate of
the battery. Every 10◦C temperature increase would be dou-
ble the battery degradation, experimentally analysis carried
out [8].

The temperature and various cycles of charging and dis-
charging can cause loss in a lead-acid battery. Temperature
increases could the number of life cycles decreases. The man-
ufacturer evaluated the temperature effect of the battery, the
life decreases when the temperature has increased in the range
of 20◦C to 50◦C. According to Arrhenius’ law each rise of
temperature 10◦C above 20◦C, the GEL SOLAR VRLA bat-
tery lifetime reduces the rate by 50%. All lead-acid batteries
are not affected by the percentage reduction. On comparing
GEL VRLA batteries with GEL VRLA lead-acid SOLAR
batteries, the temperature influence is less than 20%. Here,
flooded lead-acid type batteries are used in this work for
inquiry purposes [9], [10].

In order to explore the aging model, Rodolfo et al. eval-
uated the lifespan of lead-acid batteries combined with an
autonomous the PV. Here, the charge controller is investi-
gated [11]. Lead-acid batteries with PV system mathematical
models were proposed by Copetti et al. to track temperature
variations caused by changes in internal resistance and battery
capacitance [12]. Lead-acid technology longevity coupled
to a hybrid wind and solar PV system has been studied by
Schiffer et al. [13]. A model predictive control technique was
put up by Cai et al. for structures with on-site solar energy
production and battery generation. This model was created
offline using degradation data and a capacity loss model with
a physical foundation [14]. Collath et al. [15] utilized aging
aware process to increase the lifetime productivity of battery
energy storage system (BESS). In this case, the importance
of model predictive control (MPC) over the current method
of choosing ageing cost based on BESS cost has been high-
lighted in terms of enhancing the lifetime predictability of a
BESS. The latest developments regarding the grid-connected
PV battery systems’ operation approach were examined by
Zhang et al. [16]. The study has revealed that the multi
objective parameter study on a large-scale system is the need
of the hour. The ageing and performance degradation of the
system over time must be taken into account when studying
large-scale BESS systems [17]. The challenges in aging prog-
nostics have been discussed by Liu et al. [18]. The application
of transfer learning technology for battery management has
been proposed in the work. But the existing studies have not
discussed the practical validation of the results. The results of
the aging prediction study are crucial for optimal operation
and maintenance of the system.

FIGURE 1. Schematic diagram of system model.

The existing research findings have not investigated the
issues in intermittent solar radiation of PV with BESS, and
the comparison among different methods has not been done
in detail. The solar irradiation varies based on weather condi-
tions, which can impact the charge and discharge operation
of batteries when batteries are integrated between PV and
load. As a result, the charge and discharge of the battery
DoD is affected, and the temperature is raised. Batteries lose
their useful life due to improper DoD and temperature effects.
Therefore, the main objective of the work is as follows,

i. To estimate the lifespan of a lead-acid battery that is
integrated with photovoltaic technology.

ii. To estimate the parameters such as ageing rate (%),
loss (%), and lifetime (Years) using Global battery aging
model and Rain-flow counting methods.

iii. The life cycles of battery are estimated using the Coarse
average approach and Weighted Ah methods.

iv. An explanatory analysis is provided to show how
intermittent solar radiation of PV with battery and temper-
ature varies to battery degradation concerning charging and
discharging current.

Realistic results are produced because the explanation sce-
narios are based on genuine BESS operation. Figure 1 shows
the model’s work schematic diagram for the PV combined
with a battery system. In this work for the investigation
purpose, flooded lead-acid type of batteries is used.

The rest of the article is organized as follows: In section II,
solar PV system, battery selection, and lifetime factors influ-
ence of battery have been detailed. The battery life prediction
approaches have been discussed Section III. In Section IV
the established system and results have been discussed
and analyzed. The discussion of battery lifetime estimation
methodologies concludes in Section V.

II. PHOTOVOLTAIC AND SELECTION OF BATTERIES AND
FACTORS THAT INFLUENCE BATTERY LIFE
A. PHOTOVOLTAIC SYSTEM
The installation sites are highly affected by solar irradiance
and ambient temperature profiles, which affect the PV gen-
eration output. The net solar radiation (Gnet )W/m2 falling on

VOLUME 12, 2024 33721



K. Kumba et al.: Evaluation of Battery Degradation and Predictive Methods Under Resistive Load

the PV module surface can be obtained from equation (1).
Here, Gdir coll , Gdiff coll are the direct, diffuse solar radia-
tion on the PV module. Gground_ref is ground reflected solar
radiation from the ground surface. Gright ref and Gleft ref are
right and left side reflected solar radiation on the PV module
surface.

Gnet = Gdir coll + Gdiff coll + Gground ref
+ Gright ref + Gleft ref (1)

Solar radiation is absorbed directly from the sun without
being dissipated by the atmosphere. The direct solar radiation
(Gdir coll) can be obtained from equation (2).

Gdir coll = Gin sin (α + β) (2)

By using equation (3), you can estimate the annual PV energy
(ϒEO) output in kWh.

ϒEO =G∗

IPRAPVηPVPR (3)

Here G∗

IPR,APV, ηPV, and PR represents the solar radiation
(kWh/m2/yr), PV system area (m2), PV panel efficiency
(ηPV), and performance ratio (PR), respectively [19].

B. SELECTION OF BATTERIES
Six considerations are taken into account while selecting a
battery type. The first factor to take into account is design
capacity time, or how long the battery can run the system
before needing to be charged once again. The second factor is
battery ageing, or the decline in battery performance brought
on by ageing. Lead-acid batteries’ behavior is regulated by
five factors. The temperature adjustment, specified in the
IEEE Standard 485, is the third factor. The capacity rating,
which controls voltage depression and determines the bat-
tery’s charge holding capacity when fully charged, is the
fourth factor. The fifth factor is the nominal battery voltage
or the voltage of a completely charged battery without any
load. The battery’s maximum depth of charge, or how much
it can be depleted before it needs to be recharged, is the
sixth consideration. Equation (4) can be used to calculate the
minimumbattery capacity (Ci) when all these components are
taken into account, which aids in choosing the right battery
size.

Ci =
Ed(ka∗kt∗kc)
Vdc∗DoDk

(4)

where Ed is the energy over autonomy time in Ah.
ka, kt, and kc are the battery ageing, capacity rating, and
temperature correction factors in %. Vdc and DoDk are the
battery voltage and DoD cycle.

The overall charging time is one factor to take into account
when charging the battery. Equations (5) and (6) below illus-
trate the process used to determine the lead-acid battery’s
charging time (t). 52 Ah is found to be the size of the
used battery. A typical charger has a constant of 1.4. There-
fore, 72.8 Ah of energy is required to charge the battery.
The energy required will be divided by 17.50 A, the initial
charge current, as the charger will be of the standard kind.

The suggested system needs 4.16 hours to fully charge.
Although both chargers are of the standard sort, charging
from a PV panel will take more time than charging from an
AC supply.

E = 1.4 ∗ Ci (5)

t =
E

17.50
(6)

where, E and Ci are the energy needs to charge and initial
battery capacity in Ah.

A solar panel’s output is measured in watts. When the
solar panel is exposed to direct sunlight, it will produce
around 1 Ah for every 15 watts that it is rated for. At 25◦C, the
solar panel was rated for 87W, which translates to 5.8 Ah per
hour. The PV panel will produce aDC voltage between 13 and
17 volts as its output. The voltage was increased via a power
boost converter to 48V. TheDC-DC converter performs better
than other devices in terms of peak output power and output
voltage. A safety mechanism on the solar charge controller
prevents the battery from being overcharged. Moreover, this
controller will be able to detect when the battery’s voltage is
dropping. To ensure the battery’s safety, the controller will off
the power at this moment.

In order to obtain accurate readings, the battery must rest
in an open circuit for at least four hours; lead-acid batteries
should rest for 24 hours. Thus, for an active battery, the
voltage-based status of charge (SoC) method is not feasi-
ble (7). The DoD of the battery is expressed as a percentage of
its initial capacity. The SoC and DoD are viewed as comple-
ments to one another. Equation (8) can be utilized to compute
the DoD. Here, the battery discharge current (Idischarge) in the
interval of initial time (ti) to final time (tf).

SoC = 100 − DoD (7)

DoD =

∫ tf
ti
Idischargedt

Ci
(8)

C. BATTERY LIFETIME INFLUENCE FACTORS
1) DEPTH OF DISCHARGE (DOD)
Solar lead grid-plate batteries are a type of starter batteries
that have been modified for use in solar applications. These
batteries have thicker plates with a larger spacing and are
made with hardened lead that contains antimony. They have
a meagre lifespan of just 4000 cycles if they are discharged
to a maximum of 20% of their capacity, which is known as
a DoD of 80%. Figure 2 shows that these batteries can reach
3500 cycles for a discharge of only 20%. As a result, solar
lead grid-plate batteries are suitable for sporadic use, such as
in weekend cottages.

2) TEMPERATURE
The active materials of the battery undergo corrosion reac-
tions under dynamic operating conditions. The phenomenon
of this results in battery resistance increases due to this the
battery capacity is decreased. Hotter conditions, the chemical
response of the battery is faster.When the battery temperature
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FIGURE 2. Best fit curve to manufacturer’s life cycles of different
batteries Vs. DoD.

FIGURE 3. Battery life cycles degradation at different temperatures and
normalized life cycle with temperature for a lead-acid battery.

is high, unwanted reactions also occur. Figure 3 depicts the
battery life cycle degradation at different temperatures and
normalized life cycles with temperature for a lead-acid bat-
tery. In figure clearly indicates that 20% of DoD normalized
life cycles are more. In addition, observe that, when the
battery temperature is changing the battery life cycle curve
also changes as a parabolic shape.

In order to determine the temperature versus the number
of life cycles (N), the following points must be considered.
Battery operating temperature is in ◦C. The percentage of
battery cycles (Nc(%)) can be calculated using equation (9).
The life cycles variation of the battery with tempera-
ture the mathematical model is given in equation (10).
T [◦C] = [20 25 0 40 50], Nc [%] = [100 75 50 25 12.5]. The
operating temperature of battery equals ambient temperature
(Ta) and changed temperature (1T) of the battery, which is
T=Ta+1T. Here, NC(DoD)T is at the temperature (T) maxi-
mum life cycles [20].

Nc(%) =
NC(DoD)T

NC(DoD)20◦

(9)

NC(T)% =

{
100 0 < T ≤ 20◦C
3.68T−1.101

−0.3897 T > 20◦C
(10)

III. BATTERY LIFE PREDICTION APPROACHES
The battery is a combination of electrochemical systems
that requires a detailed appreciation of the aging model and
its causes. The lifetime estimation methods must provide

reliable results to be valuable. The lifetime assessments
are estimating the result of changes in operating conditions
of battery characteristics. Therefore, briefly discussed life
prediction approaches.

A. PHYSIC AND CHEMICAL AGEING APPROACH
The battery performance has gradually increased in the
operating and cycles-defined deterioration index. When the
battery hits the threshold value, its life is over and it must have
been terminated. The internal chemical reaction and several
stress factors, such as operating temperature, battery charge
and discharge, and DoD, all contribute to the battery degra-
dation rate. The SoC, DoD, and temperature could be used to
evaluate battery life. A proposed crack theory quantifies the
stress factors [15]. Millner. A explained the detailed aging
at 15◦C and 35◦C four kinds of different charge-discharge
methods [16], [17], [18], [20].

B. COARSE AVERAGE APPROACH
The average DoD and average battery operating temperature
serve as the primary inputs for determining battery lifetime.
This is a simple approach for estimating battery lifetime
that is based on energy throughput and overall DoD. This
method is the least computationally intensive approach of
the two because, as given in equations (11) and (12). All the
data points collected during the simulation are averaged to
calculate DoD and temperature.

DoD =

∑N
i=1DoDi
N

(11)

T =

∑N
i=1 Ti
N

(12)

where overlineDoD, T , and N are the average DoD, average
temperature, and data points used in the simulation. As a
result, the battery lifespan is determined using equation (13).

Ltime = n ∗ ¯DoD ∗
2 ∗ EBatCap
EBatEne

(13)

where Ltime = Lifetime of battery in years, n = Cycle-life,
¯DoD = Average active DoD, EBatCap = Capacity nominal

of the battery, EBatEne = Energy output overall from the
battery [21].

C. GLOBAL BATTERY AGING MODEL
The maximum cycle count (NC(DoD)T ) for each DoD and
temperature has been calculated as follows:

NC(DoD)T

=



(
12, 850e−(9.738∗DoD)

+ 3210e−(1.429∗DoD)
)

0 < T ≤ 20◦C(
12, 850e−(9.738∗DoD)

+ 3210e−(1.429∗DoD)
)

∗

(
3.68T−1.101

−0.3897
)

T > 20◦C

(14)
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A minimal effect of temperature on battery ageing (Ra) is
expected in the range 0-20 ◦C. By taking the inverse of the
number of cycles determined (k), the ageing rate is deter-
mined for each cycle. The following equation provides the
expression:

Ra/C(DoDk )Tk =
1

N(DoDk )Tk
(15)

where k is depicting the cycle’s index out of all the cycles.
The equation in (16) explains how to determine the ageing
rate Ra for NC cycles. When the cumulated rate approaches
the unit’s, battery is near the end of its useful life [21], [22],
[23], [24].

Ra =

∑NC

k=1
Ra/C(DoDk )Tk (16)

D. WEIGHTED AH AGEING APPROACH
The National Renewable Energy Laboratory (NREL) states
that at rated power and rated DoD, the battery can give stable
energy. It’s called the total real discharge of the battery [25].
If the total real discharge is equal to cumulative effective dis-
charge, then life is ending, and it needs to terminate. Different
DoD and discharge rates of lead-acid battery operating char-
acteristics are experientially confirmed by NREL. Energy
storage capacity optimization and dispatch strategy are auxil-
iary tools of this model [26]. The weighted Ah method shows
the effect of DoD on battery life in equation (17).
The weighted Ah aging method creates the basic assump-

tion. Because the same quantity at different SoC levels
affects the battery life loss, this method is irrelevant to DoD.
It takes into account the various ways that DoD, temperature,
charge, and dischargemight affect a battery’s lifetime. Hence,
it defaults to add the weighted coefficient to this method. This
method can be used with the assumption that the battery will
reach Ah throughout its life, even under these test conditions.
The battery must be changed when the effective value is more
than the threshold value. The equation (17) is rearranged for
the getting parameters of equation (18) [27], [28], [29].

LA = LR

(
DA
DR

)u0
e
u1

(
1−

(
DA
DR

))
(17)

deff(DA)
DRCR

=
LR

LA
(18)

2LA.deff (DA) i = 2LADRCR

(
LR

LA

)
= 2LADRCR (19)

where, DA,DR, LA, and LR are actual DoD, rated discharge,
DoD on cell life, and arbitrary DoD (DR ) number of battery
life cycles. 2LRDRCR is the battery’s total effective amount,
which is a fixed value. deff(DA) discharge is adjusted by
depth and rate in AH, CRis AH capacity of battery cell, u0,
and u1 are the battery linear curve fit. In order to evaluate
battery performance, power density and energy density are
the most important metrics. The battery Ragone curve can
be used to calculate the battery capacity [30], [31]. The
battery size, denoted as deff, is at the appropriate charge and
discharge power. dactual is a representation of the battery

quantity at actual charge and discharge. As the rate increases,
the true quantity will increase according to the Ragone curve.
Equation (20) outlines the relationship.

deff
dactual

=
CR
Ci

(20)

The total Ah capacity of a cell (Ci) is not fixed and depends on
the DoD at which it is cycled. This means that the actual Ah
discharged in each cycle may be less or more than the rated
capacity, depending on the rated DoD relative to the actual
DoD. Equation (21) can be used to calculate the battery’s
lifetime.

Ltime =

(
2LRDRCR∑

deff

)
T (21)

E. AGEING APPROACH OF EVENT-ORIENTED METHOD
Many different counting techniques exist, such as cross-level
counting, peak counting, simple range counting, and rain flow
counting (RFC). The RFC algorithm is different from other
counting methods. It was created previously to turn a range
of complex stress problems into a set of straightforward stress
problems for the analysis of fatigue data. In the context of life-
time estimation, the rain flow algorithm itself is interesting as
a method to decrease a spectrum of changing temperatures to
a set of simple temperature reversals. The practical definition
of the RFC is explained in American Society for Testing
and Materials (ASTM) E-1049-85. Standards are developed
and disseminated by ASTM, a global organization for stan-
dards [32].

By referring to the whole (or) SN curve in many areas of
engineering, predicting the lifetime in the standard approach
manner can get the best results. Whole (or) SN curve S(t) is
generally used for design and assessing a lifetime of com-
ponents. These methods easily apply to the electrochemical
systems for the prediction of a lifetime if the system’s con-
ditions are fulfilled. Moreover, this method is most suitable
for a fast assessment of system design and working plans.
In addition, this method can also easily be used for operating
plans in online changes. Figure 4 shows the terminology used
for irregular loading histories, and themost important concept
is explained below.

FIGURE 4. SN cycle extraction using the RFC.
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Here are some clarifications regarding rain flow path
analysis:

i A rain flow path, starting at point A (the origin), will
follow the ‘‘pagoda roofs’’ until it reaches a valley with
a lower value than the origin. In the given figure, the
path starting at A ends at point C.

ii A rain flow path is concluded when it intersects with a
previously analyzed path. For instance, the path starting
at C is terminated in the diagram.

iii New paths are not initiated until the current path has
ended.

iv For the full data set, valley-generated half-cycles are
specified. The mean SN is the midpoint, and the stress
range SN is the vertical distance covered by a path for
each cycle.

v For peak-generated rain flow routes, the same method
is applied in reverse by coinciding each valley-
generated half-cycle with a peak-generated half-cycle
to form a complete cycle.

Applying the above-discussed Rain flow algorithm method-
ology for battery charge and discharge curve, because of
the SoC signal has given an interesting result. Compara-
tive system aging for relative degradation of each cycle
represents. In the process, the DoD cycle represents DoDk,
of two successive half cycles of mean depth. The conversion
coefficient can be calculated using equation (22).

α (x) =
NBESS(1)
NBESS(k)

(22)

where α(k) [6] is a conversion coefficient. NBESS(k) are
several battery cycles at the constant depth of discharge
k(DoD), this is obtaining on the SN curve. The equation (23)
defines the battery charge and discharge cycles during the
investigation interval.

Ni
BESS =

∑n

1
α (ki) (23)

The depth of discharge of every charge and discharge
cycles as a limit ki(1 ≤ i ≤ n), where n is total no of charge
and discharge cycle. When Ni

BESS = NBESS, it indicates
that the battery life is ended [33]. Equation (24) and (25),
can estimate the loss of life cycles during the time of the
investigation. it is the total losses of the cycle’s degradation.

Lossi =
1

NBESS(ki)
(24)

Loss =

∑n

1
Lossi=

∑n

1

1
NBESS (ki)

(25)

IV. A CASE STUDY OF AN ESTABLISHED BATTERY
INTEGRATED WITH PV SYSTEM
After defining the methodologies for the battery lifetime
calculation, the case study of an established battery integrated
with a PV system and a resistive load (1.5 kW) is presented in
Figure 5. During the evaluation of the battery, capacity power
ratings, depth of discharge (DoD), temperature, efficiency,

FIGURE 5. Practical experimental setup.

warranty, and manufacturer should be considered. Temper-
ature and DoD have significantly impact on solar batteries,
hence, protecting them from freezing temperatures or scorch-
ing heat, and over-current charge/discharge can extend their
useful lives. PV batteries will require more voltage when
the temperature drops below 30◦ F (−1.11◦ C); when the
temperature rises above 90◦ F (32◦ C), they will become
overheated and require a reduction in voltage.

Moreover, the most important point while connecting the
battery with the PV system: the PV is dependent on solar radi-
ation and temperature, which are unpredictable and change
with the weather. Therefore, a charge controller in this model
guards against overloading the batteries. By implementing a
specific deep-discharge prevention system that disconnects
the load if the voltage drops too low, the battery is shielded
from damage. The established system specifications of PV
array, and battery are shown in Table 1 and 2. Here, a dynamic
simulator is developed for the established system shown in
Figure 6. The simulator has considering significant param-
eters like battery discharge current the battery temperature,
DoD due to electrical load, and the ambient temperature, etc.,

TABLE 1. 1.5 kW PV array panel specification.

According to the theoretical design and evaluation, the
battery subsystem is comprised of four lead-acid batteries that
are connected in both parallel and series. The system will run
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TABLE 2. Constraints used for battery model.

FIGURE 6. Dynamic simulator.

on a total voltage of 48V, which is obtained by connecting
two 24 V lead-acid batteries in series. The selection of this
battery is primarily based on its runtime expressed in ampere-
hours (Ah), which is crucial for ensuring that the system
runs for a sufficient period. Besides, this battery has a high
ability to retain a charge for almost three months, with just
a 9% capacity loss, making it an excellent choice for the
application. Battery Energy Storage System (BESS) performs
only according to the scheduled of charge and discharge
condition, whereas, the output availability of the PV.

Before going to investigate the battery degradation due to
the intermittent solar radiation effects of PV integrated with a
batter system, the control strategy of BESS used in the work
is described briefly below.

The BESS main three power control strategies are fol-
lowed. (i) When there is more availability of output PV
power, batters are charged according to predefined control
charging strategies. (ii) In cases where solar PV output is
affected by passing clouds, the BESS power is used as a
substantial source to limit improper ramp rates of the PV
plant. (iii) A battery can be used as a source of power in
the event of PV power being unavailable. Here, assuming a
20-year lifespan for the PV plant, battery-rated life cycles are
limited to 3500 at 20% depth of discharge per day, as shown
in Figure 2. To maintain these limitations, the SoC of BESS
is kept within the 50% to 90% range. The manufacturer has
specified a maximum depth of discharge limit of 50%, which

allows the highly variable output of the PV plant to still be
useful. It is implemented in coupling topologies in the same
way, and inverter efficiency depends on output power and
connection topology.

The data is taken every five minutes from the 1.5 kW PV
array and the BESS system to determine the accuracy of our
analysis from Jan-22 to Jun-22. Here, three different days are
using to analyzing how can be the PV output effect battery life
cycles. The output of the 1.5 kW PV array of three different
days is shown in Figure 7. The battery PV energy and battery
energy sharing profile is presented in Figure 8. The figure
shows that on the clear day-1 fully radiation day there is
no variability of output of the PV system. Day 2 is a slight
variation of the output of the PV array. Here, day 3 is more
variated compared to day 1 and day 2 due to the variability
of solar radiation changes. Same and constant load profile is
used for all days.

FIGURE 7. Three different days PV power profile.

FIGURE 8. Solar energy and battery energy sharing profile.

In Figure 9(a), the battery energy cycles and solar energy
are displayed. The battery cycles indicate when the battery
energy is delivered to the load due to the unavailability of PV
output. Figure 9(b) shows the histogram variation, particu-
larly on day two and day three, in the range of 100. To charge
the battery completely to its rated capacity of 1.24 kWh,
approximately 1.4 kWh/m2 of solar radiation is required.

Figures 10(a) and 10(b) show three different days of the
battery temperature and ageing rate. In this figure clearly
shows that day-2 and day-3 variations of battery temperature.
Here, day-2 is a slight variation, and day-3 high variation
of battery temperature. Figures 10(a) and 10(b) show bat-
tery aging rates calculated using the procedure explained
in section II of the paper. The battery temperature changes
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FIGURE 9. Battery energy provided to the load calculated using
five-minute data, data histograms in (a) slightly variable PV day-2 and
(b) extremely variable PV day-3.

FIGURE 10. 10 (a) Battery temperature profile and 10 (b) Evolution of
aging rate NC(DOD)T as a function of k cycle.

FIGURE 11. Battery DoD profile.

due to battery DoD, because of the variability of PV output.
We can observe in Figures 10(b) the aging rate also changes
concerning battery temperature.

The histogram profile of partial cloudy (Day 2) and cloudy
(Day 3) of BESS due to the intermittent solar radiation is
shown in Figure 11. This graph shows that the BESS profile
is more influenced on day 3 than on day 2. Table 3 (Day 2 and
Day 3) and Table 4 (Jan-22 to Jun-22) shows the aging rate,
loss (%), number of battery cycles, and lifetime of the battery
based on the above-discussed method methods.

TABLE 3. Battery lifetime estimate based on models.

The average generated energy of PV and average battery
DoD profile from Jan-22 to Jun-22 are shown in Figures 12
and 13. PV system energy generated and battery discharge
rate are approximately 5.13 kW and 38%, respectively, on an
average daily basis. For the same battery technology, the
coarse average approach estimates the battery lifetime is
8.42 years. The global battery aging model estimates the age-
ing rate and lifetime of the battery are 3.78%, and 8.72 years.
Weighted Ah aging method estimates the battery lifetime
is 8.33 years. Finally, RFC method estimates the loss and
lifetime of the battery are 3.56% and 8.93 years, respectively.

FIGURE 12. Generated energy (Jan-22 to Jun-22).

FIGURE 13. Generated energy (Jan-22 to Jun-22).

Each method is located relatively close to each other.
However, the perfect estimation of battery lifetime is very
critical using mathematical models, physics-based models,
RFC, and even machine learning, because the parameters
considered are different for each method. Despite these
efforts, no accurate predictions were produced since there
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TABLE 4. Battery lifetime estimate based on models.

was a lack of information or the batteries differed chemically.
Based on the comparison with different models, it is shown
that the simple battery lifetime model described in this paper
is capable of estimating battery lifetimes reasonably.

The investigation focused on lead-acid batteries only.
Therefore, it can investigate different types of batteries as
well as different load conditions in the future. Furthermore,
the battery lifetime is estimated using machine-learning mod-
els. This research seeks to create a machine-learning model
that takes known chemistry as its input dataset and produces
an output predicting the life of a battery with unknown
chemistry.

V. CONCLUSION
Battery lifetime estimation caused by solar radiation is a
critical concern that needs to be addressed in PV systems.
The battery degradation and continuous operation are almost
significantly difficult to analyze correctly. In order to ensure
accurate and reliable results, it is essential to choose the
appropriate evaluation method. Therefore, the coarse average
approach, global battery aging, weighted Ah aging method,
and RFC methods are discussed for this purpose. These four
prediction methods work according to different theoretical
principles. So here, the effects of life damage factors of
the batter are discussed. Battery life prediction approaches
and hypothesis mathematical theory models are explained.
Moreover, using the global battery aging model and the RFC
method estimated the aging rate, loss, number of cycles, and
lifetime of the battery. The weighted Ah approach is the most
accurate of the four approaches.
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