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Thermal Runaway Characteristics and Gas Analysis of
LiNi0.9Co0.05Mn0.05O2 Batteries
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Abstract: Layered ternary materials with high nickel content are regarded as the most promising
cathode materials for high-energy-density lithium-ion batteries, owing to their advantages of high
capacity, low cost, and relatively good safety. However, as the nickel content increases in ternary
layered materials, their thermal stability noticeably decreases. It is of paramount importance to
explore the characteristics of thermal runaway for lithium-ion batteries. In this study, two high-nickel
LiNi0.9Co0.05Mn0.05O2 batteries were laterally heated to thermal runaway in a sealed chamber filled
with nitrogen to investigate the thermal characteristics and gas compositions. The temperature of the
battery tabs was measured, revealing that both batteries were in a critical state of thermal runaway
near 120 degrees Celsius. A quantitative analysis method was employed during the eruption process,
dividing it into three stages: ultra-fast, fast, and slow; the corresponding durations for the two
batteries were 3, 2, 27 s and 3, 3, 26 s. By comparing the changes in chamber pressure, it was observed
that both batteries exhibited a similar continuous venting duration of 32 s. However, the pressure
fluctuation ranges of the two samples were 99.5 and 68.2 kPa·m·s−1. Compared to the other sample,
the 211 Ah sample exhibited larger chamber pressure fluctuations and reached higher peak pressures,
indicating a higher risk of explosion. In the experimental phenomenon captured by a high-speed
camera, it took only 1 s for the sample to transition from the opening of the safety valve to filling the
experimental chamber with smoke. The battery with higher energy density exhibited more intense
eruption during thermal runaway, resulting in more severe mass loss. The mass loss of the two
samples is 73% and 64.87%. The electrolyte also reacted more completely, resulting in a reduced
number of measured exhaust components. The main components of gaseous ejections are CO, CO2,
H2, C2H4, and CH4. For the 211 Ah battery, the vented gases were mainly composed of CO (41.3%),
CO2 (24.8%), H2 (21%), C2H4 (7.4%) and CH4 (3.9%), while those for the other 256 Ah battery were
mainly CO (30.6%), CO2 (28.5%), H2 (21.7%), C2H4 (12.4%) and CH4 (5.8%). Comparatively, the
higher-capacity battery produced more gases. The gas volumes, converted to standard conditions
(0 ◦C, 101 kPa) and normalized, resulted in 1.985 L/Ah and 2.182 L/Ah, respectively. The results
provide valuable guidance for the protection of large-capacity, high-energy-density battery systems.
The quantitative analysis of the eruption process has provided assistance to fire alarm systems and
firefighting strategies.

Keywords: LiNi0.9Co0.05Mn0.05O2 lithium-ion battery; thermal runaway; thermal behavior; gas
analysis
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1. Introduction

Lithium-ion batteries (LIBs) are widely used in portable electronic devices, electric
vehicles, energy storage systems, and other fields. However, during their usage, espe-
cially under abuse conditions such as high temperatures, overcharging, over-discharging,
and mechanical damage, there is a risk of thermal runaway (TR) [1–3]. This refers to the
potential scenario where a lithium-ion battery (LIB) may experience a violent exother-
mic reaction internally, leading to a loss of control and, in severe cases, causing fires
or explosions. Therefore, the study of TR characteristics and gas generation in LIBs
holds significant background and importance [4,5]. It is conducive to formulating more
scientifically sound safety designs and usage strategies, thereby enhancing the safety
performance of LIBs [6,7].

Firstly, the TR of LIBs poses a potential threat to the environment. Large-scale ap-
plications of LIBs in electric vehicles and energy storage systems may lead to significant
environmental and ecological impacts in the event of a TR incident [8]. This could result
in air and water pollution, presenting a potential threat to ecosystems and human health.
Therefore, conducting in-depth research on the characteristics and gas generation of tTR
in LIBs is beneficial for mitigating potential harm to the environment and promoting the
development of sustainable energy storage technologies.

Moreover, research on the TR of LIBs offers valuable insights for addressing the
challenges of energy transition and sustainable development. LIBs, as a critical energy
storage technology, find widespread applications in electric vehicles and renewable energy
systems and play a pivotal role in driving the adoption of clean energy. However, the
safety and reliability of LIBs are essential considerations for achieving a sustainable energy
transition. Investigating the TR issues associated with LIBs can help mitigate potential
safety risks, providing more reliable and secure solutions for the widespread adoption of
LIBs in sustainable energy systems [9].

The triggering conditions for battery TR primarily involve three aspects: electrical
abuse, thermal abuse, and mechanical abuse [10]. These three aspects share a common
TR trigger: an internal short circuit, which is also a primary cause of battery failure.
During TR, batteries experience a phenomenon known as capacity degradation before
internal heat generation, referred to as high-temperature self-discharge [11], following
this, the initial heat generation occurs due to the decomposition of the Solid Electrolyte
Interphase (SEI) [12]; as a result of SEI decomposition, the negative electrode comes into
direct contact with the electrolyte, initiating a reaction and forming an irregular SEI [13],
this leads to a continuous reaction between the negative electrode and the electrolyte,
causing the internal temperature of the battery to rise until it reaches the melting point
of the separator [14], the melting of the separator induces an endothermic reaction,
slowing down or even reducing the rate of temperature increase within the battery.
Following the melting of the separator, an internal short circuit occurs, leading to jelly
roll failure and the release of a significant amount of heat. At this point, various chemical
reactions occur simultaneously, such as positive electrode decomposition and electrolyte
decomposition. The electrolyte decomposition generates a substantial amount of gas [15],
resulting in an increase in internal gas pressure. The battery swells, and upon reaching a
certain threshold, the safety valve opens, releasing high-pressure gas [16], the expelled
gas contains combustible components. In the presence of oxygen in the environment
and encountering an ignition source, it can lead to a severe combustion reaction [17].
In recent research, it has been discovered that TR can occur even in the absence of
internal short circuits. The positively charged electrode material undergoes a phase
transition at around 250 ◦C, releasing reactive oxygen species that react with the negative
electrode [18,19]. Therefore, the significant heat generated by the oxidation–reduction
reactions of the positive and negative electrodes could potentially be a direct cause of
TR, not solely due to internal short circuits [20,21].
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In summary, the research background and significance of TR in LIBs primarily lie
in enhancing the safety of LIBs, reducing potential environmental hazards, advancing
battery technology, and promoting sustainable energy transition. An in-depth study
of the mechanisms and patterns of TR in LIBs can provide a scientific basis for battery
design, production, usage, and management [22]. This, in turn, enables the optimal
utilization of LIBs as a crucial energy storage technology, expanding their applications
across various domains and facilitating the realization of sustainable energy and sustainable
development goals.

Feng X. et al. provided an overview of the mechanisms of TR in LIBs used in electric
vehicles, summarizing the abusive conditions that may lead to TR [23]. N.E. Galushkin
analyzed the mechanism of TR in LIBs and found that the cause of TR in LIBs is the strong
exothermic reaction of atomic hydrogen accumulated in the anode graphite during the
battery cycling process [24]. Shen H. et al. compared the TR characteristics of LIBs
with different cathode materials and analyzed their gas generation characteristics. They
found that the gas composition of high-nickel LiNi0.9Co0.05Mn0.05O2 batteries is the most
hazardous compared to other systems [25]. JH Kim compared the TR characteristics
between NCM and LFP batteries and found that, compared to NCM, LFP batteries
exhibit a delayed time to reach the maximum temperature during TR due to their
higher thermal stability [26]. Sascha K. and his team conducted TR experiments on
51 batteries in a gas-tight container and analyzed their mass loss characteristics as well
as gas compositions [27]. Yuan L. et al. conducted multiple TR temperature and gas
generation characteristic tests on four batteries using ARC and found that the main gas
concentrations in the emitted gases depend mainly on the chemical properties of the
battery [28]. Zhang Q. et al. analyzed the effect of different state-of-charges (SOCs) on
the gas composition generated by the battery and found that batteries at 100% (state-of-
charge) SOC generate a large amount of unsaturated hydrocarbons, which pose a higher
thermal hazard [29].

High-nickel layered ternary materials, as positive electrode materials for lithium-
ion batteries possess numerous advantages, such as high energy density, excellent
cycling stability, outstanding power performance, high resource utilization efficiency,
and environmental friendliness. For batteries, the typical hazards resulting from TR are
often associated with the nickel content in the positive electrode material [30,31] and the
initial SOC [32], pouch cells and cylindrical cells without safety valves pose increased
risks in the event of TR [33]. A higher Ni content leads to an increase in capacity, as
Ni serves as the primary redox material in the core structure; the thermal stability of
Li[Ni1−x−yCoxMny]O2 is directly related to the Ni content; Mn ensures excellent cycle
life and safety and Co increases electronic conductivity [31]. For the same positive
electrode material at different SOCs, as the SOC increases, the onset temperature of
self-heating reactions shifts towards lower temperatures. Additionally, the self-heating
rate exponentially increases, especially beyond 50% SOC, significantly affecting the
thermal instability [34].

Currently, most research focuses on small-capacity batteries like the 18650 and
batteries with lower energy density. There is relatively less research on high-nickel
NCM 9-series and high-capacity batteries. Quantitative analysis of battery venting
processes remains unclear. The research primarily concentrates on comparative anal-
yses of TR characteristics among various battery systems or comparative analyses of
different TR triggering mechanisms. This study involved two different high-nickel
NCM9 0.5 0.5 lithium-ion batteries with varying capacities and energy densities. In a
sealed chamber, TR was induced through lateral heating within an inert gas environment.
The study monitored temperature changes at the electrode tabs during the TR process,
along with variations in battery voltage and chamber pressure. High-speed cameras
were used to record the TR phenomenon. It was observed that the critical temperature
for TR at the electrode tabs was roughly the same for both batteries. However, the
higher energy density sample exhibited significantly more intense venting during the
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TR process. The study employed a quantitative analysis of venting processes to compare
the venting characteristics during the TR of the two batteries. Both batteries exhibited
similar venting durations, but the higher energy density battery showed significantly
higher fluctuations in its venting curve. Finally, the gases vented during the TR were
collected and subjected to gas composition analysis.

2. Experimental Setup

2.1. Battery Samples

The two selected samples for this experiment are both batteries with LiNi0.9Co0.05Mn0.05O2
as the cathode material. Their capacities are 211 Ah and 256 Ah, respectively, with the
anode primarily composed of graphite. For ease of expression, the following will use
Sample A and Sample B to represent the two batteries. In this experiment, both battery
samples were subjected to three charge and discharge cycles at a rate of 1/3 C. The charge
and discharge cutoff voltages are specified in Table 1. The specific parameters of the battery
samples are outlined in Table 1 below:

Table 1. Battery Sample Parameters.

Cell Sample A Sample B

Shape Prismatic Prismatic
Packaging Material Aluminum Alloy Aluminum Alloy

Capacity (Ah) 211 256
Upper Cutoff Voltage (V) 4.25 4.35
Lower Cutoff Voltage (V) 2.8 2.5
Energy Density (Wh/kg) 342.06 325.82

Weight (g) 2621.6 3417.8
SOC 100% 100%

Anode Graphite Graphite
Cathode LiNi0.9Co0.05Mn0.05O2 LiNi0.9Co0.05Mn0.05O2

2.2. Experimental Setup

A 1000 L sealed container filled with nitrogen was employed to carry out TR tests
and facilitate the collection of gases generated after the TR of the samples. The container
is equipped with two wires, two pressure sensors, and multiple K-type thermocouples.
The two wires are used for real-time monitoring of battery voltage, the pressure sensors
are used for real-time monitoring of pressure changes inside the chamber, and the
thermocouples are used to monitor environmental temperature inside the chamber
and surface temperature changes of the samples during TR. Sensors are connected
to a high-speed data acquisition system to collect experimental data with a sampling
frequency of 10 Hz. The chamber door is hydraulically rotated and fixed to achieve
sealing. Vacuum and nitrogen-filling pipelines are provided to create an inert atmosphere
for the experiments. An observation window is located on the side of the equipment,
allowing real-time observation of the experimental situation inside the chamber. A
high-speed camera is placed outside the observation window to record the moment
of battery ejection. The structure of the experimental chamber is shown in Figure 1.
After the experiment, gases are collected and analyzed using a gas chromatograph.
The gas analysis equipment used in the experiment is the Thermo Fisher Scientific
gas chromatograph Trace 1300 (Country of origin and manufacturer: Thermo Fisher,
Singapore), equipped with four detectors and eight chromatographic columns.
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(a) 

  
(b) 

Figure 1. Experimental chamber layout. (a) Schematic diagram of experimental arrangement;
(b) Experimental setup, left (Sample A) and right (Sample B).

2.3. Testing Procedure

The aim of this study was to investigate the TR characteristics and gas analysis of
lithium-ion batteries with the same cathode material but different capacities. The TR
was triggered by applying lateral heating to the battery using a heating plate with the
same power.

The experimental procedure was as follows:

(a) The examined battery was fully charged; the voltage and weight of the battery were
recorded before the experiment;

(b) Place the battery at the center of the chamber on a fixed plate. Two thermocouples (T1,
T2) were adopted to monitor the temperature variations of the positive and negative
tabs during the experiment. Another four thermocouples (T3–T6) were evenly fixed
in the chamber in the up, down, left, and right directions to monitor the ambient
temperature inside the chamber;

(c) The heating plate was positioned on one side of the battery to apply heat. Mica boards
were placed on the outer side of the heating plate and the opposite side of the battery’s
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larger surface to prevent heat loss. Clamps were used on the outermost side as fixtures
to secure the setup. The wires were connected to the battery terminals to monitor
voltage changes throughout the experiment;

(d) After closing the chamber door, a vacuum was drawn, N2 was injected to restore
normal pressure, and this sequence was repeated multiple times to ensure an inert
gas atmosphere;

(e) A high-speed camera was placed outside the observation window to capture the
eruptive state during TR;

(f) The data logger was initiated to gather data from the battery voltage, thermocouples,
and pressure sensors. The heating plate was activated until the battery experienced
TR, subsequently, the heating plate was deactivated.

After the experiment concluded, a period of stillness was observed until the gases
inside the chamber stabilized, and the particles settled. The gases were collected from
the chamber and the gas composition was analyzed using a gas chromatograph for both
battery samples. Additionally, any particles and remaining battery debris were collected
for weighing, and conducting an analysis of the mass loss.

3. Results and Discussion

3.1. The TR Characteristics of Batteries with Different Capacities

At elevated temperatures, the initial heat generation in the battery arises from the
decomposition of the SEI membrane at the anode/electrolyte interface. This is followed
by heat absorption by the separator, the heat released from the exothermic reaction at the
anode/electrolyte interface, and further heat generation from the decomposition of the SEI
membrane at the anode/electrolyte interface. The heat primarily originates from reactions
between the anode’s active material and the electrolyte, with the decomposition reaction
of the cathode’s active material ultimately releasing a significant amount of heat [35]. To
ensure the accuracy of the chamber’s environmental temperature during the experiment,
the average value of the four environmental temperatures arranged was taken to represent
the temperature inside the chamber. Taking the moment of TR initiation as “0” time, and
considering the voltage drop as the trigger time for TR, heating by the heating plate was
stopped after the TR was triggered. Figure 2 illustrates the variations in tab temperature
and voltage of the two batteries, as well as the changes in environmental temperature and
chamber pressure inside the experiment chamber.

(a) 

Figure 2. Cont.
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(b) 

Figure 2. During the experimental process, the temperatures of the positive and negative tabs of the
battery, the surface temperature of the battery, the environmental temperature, the pressure, and the
voltage were monitored. (a) For Sample A; (b) For Sample B.

In the temporal sequence of reactions occurring within the battery’s internal structure
as temperature changes, the metastable components of the SEI film undergo exothermic
decomposition between 70 and 90 degrees. Between 90 and 260 degrees, three simultaneous
chemical reactions occur, including the melting of the SEI and the decomposition of various
positive electrode materials, which may result in internal short circuits between electrodes.
Electrolyte decomposition occurs between 200 and 300 degrees [25]. Christensen et al. con-
ducted thermal abuse and mechanical abuse experiments on battery modules, observing
trends similar to those depicted in Figure 2. However, due to differences in the triggering
mechanisms between their experiment and ours, the curves exhibit less fluctuation com-
pared to theirs [36]. The differences in the triggering mechanisms for thermal runaways
result in varying characteristics of thermal runaways as well.

The initial temperature of the batteries was 30 ◦C, with initial voltages of 4.2 V and
4.3 V, respectively. The batteries were heated from one side, causing the battery temperature
and tab temperatures to gradually rise. For Sample A, it took 3916 s to turn on the heating
plate to reach the TR triggering condition. The critical temperature for TR is defined as
a temperature change rate of 1 ◦C/s. The temperature of the positive tab rose to 119 ◦C,
and the negative tab rose to 123 ◦C. The voltage stabilized at 4.16 V, and then the battery
underwent TR, with the voltage rapidly dropping to 0 V. Following this, the temperatures
of both tabs rose rapidly. The highest temperature inside the chamber reached 557.5 ◦C,
and the highest pressure inside the chamber reached 386.5 kPa. For Sample B, it took 4346 s,
from turning on the heating plate to reaching the TR triggering condition. The temperature
of the positive tab rose to 110.9 ◦C, and the temperature of the negative tab rose to 108.4 ◦C.
The voltage experienced a slight decrease when there was a sudden rise in temperature and
pressure, and then TR occurred, with the voltage dropping to 0 V. The temperatures of both
tabs rose rapidly. The pressure inside the chamber and the environmental temperature rose
rapidly before the voltage dropped, indicating that the battery’s safety valve opened before
the battery failed. The reason for the difference from the phenomenon observed in sample
A, where the voltage dropped before the valve opening, might be due to an initial TR
occurring in a specific part of the battery core. This led to an increase in internal pressure,
causing the safety valve to open. As the reaction intensified further, the entire core failed,
resulting in a complete TR and the voltage dropping to 0 V. The highest temperature inside
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the chamber reached 409.86 ◦C, and the highest pressure inside the chamber was 330.5
kPa. For Sample A, the highest temperature of the positive tab was 241 ◦C, and the highest
temperature of the negative tab was 217 ◦C. For Sample B, the highest temperature of the
positive tab was 328 ◦C, and the highest temperature of the negative tab was 355.5 ◦C.
Table 2 shows the key temperature points for two samples. Figure 3 shows the temperature
changes of the positive and negative tabs during the test.

Table 2. The TR temperature data of the batteries.

Sample TPmax (◦C) TNmax (◦C) TPcritical (◦C) TNcritical (◦C)

A 241 217 119 123
B 328 355 110.9 108

TPMax: The highest temperature during positive electrode TR. TNMax: The highest temperature during negative
electrode TR. TPcritical: The critical temperature for positive electrode TR. TNcritical: The critical temperature for
negative electrode TR.

Figure 3. The temperature changes of the positive and negative tabs of the samples over time during
the experimental process.

To investigate the TR spray process of these two batteries, a quantitative analysis
method proposed by Zhang et al. for the spray process in LIBs was employed. The LIB
spray process was divided into the ultra-fast spray stage, fast spray stage, and slow spray
stage. Based on the calculation formula for the explosion index Kg, as shown in Equation (1),
the normalized pressure rise rate KLIB during the LIBs spray process was obtained as the
spray index, as shown in Equation (2). Four typical times were defined:

1. The time corresponding to the rapid rise of KLIB is defined as the start time of the
spray (te);

2. The time corresponding to KLIB,max is defined as the end time (tu) of the ultra-fast burst;
3. The time when KLIB changes from positive to negative is defined as the end time (tf)

of the fast spray;
4. The time when KLIB returns to the initial fluctuation state before the burst is defined

as the end time (ts) of the slow burst.

The durations corresponding to the above critical times are defined as follows:

1. The time interval from te to tu is referred to as the duration of the ultra-fast burst (Du);
2. The time interval from tu to tf is referred to as the duration of the fast burst (Df);

8
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3. The time interval from tf to ts is referred to as the duration of the slow burst (Ds);
4. The time interval from te to ts is referred to as the overall duration of the burst (De) [37].

Kg =

(
dP
dt

)maxV
1
3 (1)

KLIB =

(
dP
dt

)
V

1
3 (2)

According to the above research method, the TR spray processes of the two batteries
were compared during the experimental process, as shown in Figure 4. It can be observed
that the chamber pressure follows a similar trend over time during the TR process, increas-
ing first, then decreasing and finally stabilizing. However, the amplitude of the pressure
variation for Sample A is significantly higher than that of Sample B, with Du, Df, Ds, De
being 3, 2, 27, 32 s and 3, 3, 26, 32 s, respectively. The pressure characteristic parameters of
the two batteries are presented in Table 3 below. Compared to Zhang’s analysis of NCM6 2
2, these two batteries demonstrate shorter eruption times. This could be attributed to the
higher Ni content in the samples examined in this research, intensifying the redox reactions
during TR and significantly increasing the gas generation rate. Consequently, the eruption
duration decreases. The higher KLIBmax in both samples further supports this observation.
The comparatively higher explosion risk in A, as opposed to B, could be linked to A’s
higher energy density.

Table 3. Pressure fluctuation parameter.

Sample Pmax (kPa)
KLIB max

(kPa·m·s−1)
Du (s) Df (s) Ds (s) De (s)

A 380.5 99.5 3 2 27 32
B 330.3 68.2 3 3 26 32

Li(Ni0.6Mn0.2Co0.2)O2 [37] 126.3 24.9 4 4 28 36

(a) 

Figure 4. Cont.
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(b) 

Figure 4. Graphs of Chamber Pressure and KLIB Over Time. (a) For Sample A, (b) For Sample B.

3.2. Recording of Experimental Observations and Battery Mass Loss

The occurrence of battery rupture is primarily attributed to two factors. Firstly, explo-
sions happen when the electrode assembly fails to maintain an opening for sufficient gas
flow to reach the exhaust port. This leads to displacement of the electrode assembly, block-
ing the exhaust port. Secondly, when the exhaust port itself does not allow enough gas to
escape, internal pressure builds up until the battery ruptures at a critical pressure [38].
In this experiment, battery rupture mainly resulted from the second cause. Wang et al.
categorized the TR mass loss into three stages: (1) Packaging thermal decomposition;
(2) Violent gas or smoke jetting and intense burning of ejected materials; (3) Attenuation
and eventual extinction of open flames [39]. During the experiment, due to the vigorous
reactions between the positive and negative electrodes and the electrolyte, a large amount
of gas, particles, and electrolytes were generated. When the pressure reached a certain
level, the safety valve opened, ejecting gas, particles, electrolytes, etc., resulting in bat-
tery mass loss. Figure 5 shows several images recorded during the TR process using a
high-speed camera. The moment of smoke ejection from the safety valve was taken as
the starting point. Within 0.06 s after the smoke ejection, sparks were observed, but at
this point, smoke was still predominant. Around 0.2 s later, the ejection phenomenon was
dominated by flames. It took only 1 s from the observation of smoke ejection to the entire
chamber being filled with smoke within the field of view. Subsequently, the open flames
gradually attenuated and eventually extinguished. We observed that the severity of TR in
Sample A was higher than in Sample B. The jetting of sparks was more pronounced in
Sample B. This may be attributed to the higher energy density of Sample A, leading to
more intense reactions.

The weights of the two samples were measured before and after the experiments.
Table 4 presents the resulting mass loss due to TR. Yang et al. compared the mass loss after
TR in different systems and pointed out that NCM9 0.5 0.5 exhibited higher energy density,
leading to higher mass loss. In their experiments, the mass loss was 72.89% with an energy
density of 328.78 Wh/kg [40]. Sample A showed a larger mass loss after TR, indicating a
more severe TR phenomenon. This was further confirmed by the recorded videos, which
clearly showed more intense combustion in Sample A.
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(a) 

 
(b) 

Figure 5. High-speed photography captured the eruptive state during the TR of the batteries.
(a) Sample A; (b) Sample B.

Table 4. Mass Statistics.

Sample Initial Weight (g) Final Weight (g) Mass Loss Rate (%)
Energy Density

(Wh/Kg)

A 2621.6 707.8 73 342.06
B 3417.8 1200.6 64.87 325.82

3.3. Gas Composition and Explosive Limits

The TR in lithium-ion battery systems can generate hundreds of liters of high-temperature,
toxic, and flammable gases. With the continuous increase in energy density and battery
capacity, the exhaust from battery TR has also changed accordingly. For passenger safety
in electric vehicles, it is crucial to understand the volume and composition of the exhaust
gases. The experimental setup used in this study can achieve an inert gas atmosphere, filled
with nitrogen, effectively preventing the reaction of gases emitted from battery TR with
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oxygen and other gases, ensuring the accurate measurement of the volume and composition
of gases produced during TR.

The calculation of gas production during battery TR uses the ideal gas state equation,
as shown in Equation (3), where n is the molar mass of the substance, P is the gas pressure,
V is the gas volume, R is the ideal gas constant, and T is the ambient temperature. To
ensure the accuracy of temperature measurements, multiple thermocouples are evenly
distributed inside the experimental chamber, and the average value is calculated as the
ambient temperature.

PV = nRT (3)

Δn =
P1

RT1
− P0

RT0
(4)

The gas production can be calculated using Equation (4), where Δn represents the
change in gas volume inside the chamber before and after the experiment, which is the
volume of gas produced during battery TR. P1 represents the pressure inside the chamber
after the experiment, V is the volume of the experimental chamber (1000 L in this case),
R has a value of 8.31, T1 represents the ambient temperature inside the chamber after the
experiment, P0 represents the pressure inside the chamber before the experiment, and T0
represents the ambient temperature inside the chamber before the experiment. To ensure
accuracy in calculations, the values of P1 and T1 are taken from the data after the TR
stabilizes to obtain the molar quantity of gas. After calculations, the gas production for
Sample A is 18.35 mol, and for Sample B, it is 24.85 mol. To facilitate comparison, the
gas production is converted to standard conditions, resulting in 1.958 L/Ah for Sample
A and 2.182 L/Ah for Sample B. It can be observed that gas production is related to the
capacity of the battery. During the thermal decomposition process, gases mainly originate
from three sources: Firstly, the breakdown of SEI and NCM materials at high temperatures
generates oxygen [41], and through secondary reactions with electrolytes, produces carbon
dioxide. Secondly, lithium embedding into the graphite anode at high temperatures results
in the release of carbon dioxide [42]. Lastly, the electrolyte decomposition at elevated
temperatures produces gases such as HF, CO2, and C2H4 [43]. Table 5 below shows the
detected components of gases for both samples. As the experiment was conducted in an
inert environment, the reactions within the chamber did not generate HF, and therefore,
this component was not detected.

Table 5. Gas composition.

Sample A B

Major
components

(%)

C2H6 0.86% 0.53%
C3H8 0.02% 0.04%
C3H6 0.19% /
C2H2 0.01% 0.04%
C4H10 0.32% 0.02%
C4H8 / 0.05%
C3H4 0.15% 0.29%
C4H6 / 0.03%
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The composition of the gases after TR is closely related to the phenomenon. When
TR is accompanied by combustion, the electrolyte components in the collected gas sample
will decrease [44]. The severity of combustion in Sample A is higher than that in Sample B.
The electrolyte components ejected will also be more fully ignited. The detected electrolyte
components of the TR gases from the two batteries are also significantly higher for the
latter compared to the former.

In this section, the flammable limits of the gases generated during battery TR were
also studied. Based on the gas composition measured in Table 5, the flammable upper and
lower limits of the mixed gases were calculated using the Le Chatelier equation. In the
equation, Lmix represents the flammability limit of gases generated during battery TR, Li
denotes the flammability limit of combustible component i in the battery, and xi represents
the volume percentage of component i in the mixed gas.

Lmix =
1

∑n
i=1

xi
Li

× 100% (5)

Using Equation (5) to calculate the flammable limits of the mixed gases produced
during the TR of the two samples, the calculated results are shown in Table 6 below.

Table 6. The flammable limits.

Sample UFL LFL Flammable Range

A 58.3 8.49 49.81
B 51.88 7.43 44.45

The safety of batteries is assessed from two aspects of gas flammability limits. On
one hand, the lower flammable limit indicates how easily the gas can act as a fuel and
lead to combustion or explosion; thus, the lower the flammable limit, the higher the risk.
On the other hand, the flammable concentration range reflects how easily the gas in the
environment can satisfy the conditions for combustion. A wider flammable concentration
range implies that the gas is more likely to combust under environmental conditions.

4. Conclusions

In this study, we investigated the characteristics of terminal temperature and gas com-
position during the TR of batteries with the same positive electrode material NCM9 0.5 0.5
but different capacities. The experimental samples had capacities of 211 Ah (Sample A)
and 256 Ah (Sample B), with the energy density of Sample A being higher than that of
Sample B. The main experimental equipment was a sealed chamber, and the experimental
environment was a sealed inert atmosphere. The TR was triggered by lateral heating. The
main conclusions are as follows:

(1) The TR triggering temperatures for the two batteries are relatively close, with the
electrode tab temperatures both around 120 ◦C. The maximum temperature of Sample
B electrode plates is significantly higher than that of Sample A. Yet, the maximum
pressure within Sample A chamber is higher than that of Sample B.

(2) Quantitative analysis of the spray process for the two lithium-ion batteries was
performed using the KLIB curve. The ultra-fast, fast, and slow venting stages for both
batteries were observed to be 3, 2, 27 s and 3, 3, 26 s. The total venting duration for
both was 32 s. However, it was evident that the fluctuation amplitude of the chamber
pressure for Sample A was notably higher than that of Sample B; A poses a higher
explosion risk compared to B;

(3) In the experimental phenomenon captured by the high-speed camera, it took only
1 s for the sample to transition from the opening of the safety valve to filling the
experimental chamber with smoke. The battery with higher energy density in the
two exhibits a higher degree of severity in TR, with more pronounced phenomena of

13



Batteries 2024, 10, 84

jetting flames and a significantly increased mass loss rate. The mass loss rates for A
and B were 73% and 64.87%;

(4) The gas production of the two batteries under standard conditions is 1.985 L/Ah
for one and 2.182 L/Ah for the other. With gas production increasing with battery
capacity. The main gas components for both batteries, listed in descending order,
are CO, CO2, H2, C2H4, and CH4. The total amount of gas components measured in
Sample A is lower than that in Sample B.

5. The Limitation of the Study and the Future Work

This study only conducted comparisons with the same positive electrode materials,
focusing solely on the differences in capacity and energy density. Subsequent additions
should include comparisons of TR temperatures and gas production characteristics for
different positive electrode materials, capacities, and application types. The aim is to
provide assistance for the application of batteries in various scenarios and for thermal
hazard protection.
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Nomenclature

Symbols Explanation

LIB lithium-ion battery
LIBs lithium-ion batteries
SEI Solid Electrolyte Interphase
SOC state-of-charge
SOCs state-of-charges
NCM LiNixCoyMnzO2
UFL Upper flammable limit
LFL Lower flammable limit
TR Thermal runaway
TPMax The highest temperature during positive electrode TR
TNMax The highest temperature during negative electrode TR
TPcritical The critical temperature for positive electrode TR
TNcritical The critical temperature for negative electrode TR
P1 the pressure inside the chamber after the experiment
V the volume of the experimental chamber
T1 the ambient temperature inside the chamber after the experiment
P0 the pressure inside the chamber before the experiment
T0 the ambient temperature inside the chamber before the experiment
Lmix the flammability limit of gases generated during battery TR
Li the flammability limit of combustible component i in the battery
xi the volume percentage of component i in the mixed gas
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Abstract: A Life Cycle Assessment (LCA) quantifies the environmental impacts during the life of
a product from cradle to grave. It evaluates energy use, material flow, and emissions at each stage
of life. This report addresses the challenges and potential solutions related to the surge in electric
vehicle (EV) batteries in the United States amidst the EV market’s exponential growth. It focuses
on the environmental and economic implications of disposal as well as the recycling of lithium-ion
batteries (LIBs). With millions of EVs sold in the past decade, this research highlights the necessity of
efficient recycling methods to mitigate environmental damage from battery production and disposal.
Utilizing a Life Cycle Assessment (LCA) and Life Cycle Cost Assessment (LCCA), this research
compares emissions and costs between new and recycled batteries by employing software tools such
as SimaPro V7 and GREET V2. The findings indicate that recycling batteries produces a significantly
lower environmental impact than manufacturing new units from new materials and is economically
viable as well. This research also emphasizes the importance of preparing for the upcoming influx of
used EV batteries and provides suggestions for future research to optimize the disposal and recycling
of EV batteries.

Keywords: Life Cycle Analysis; recycling; electric vehicles; Life Cycle Cost Analysis

1. Introduction

A Life Cycle Assessment (LCA) is a methodology for assessing the environmental
impacts associated with all the stages of life of a product from raw material extraction
through materials processing, manufacture, distribution, use, repair and maintenance, as
well as eventual disposal or recycling. An LCA aims to identify and quantify the energy
and materials used and wastes released to the environment to assess their impacts on
the environment, and it aims to identify and evaluate opportunities for environmental
improvements. The assessment includes the entire life cycle of the product, process, or
service from cradle to grave [1]

In the United States, the market for electric vehicles (EVs), fanned by initiatives to
address climate change and global warming, reached a value of USD 49.1 billion in 2022.
Forecasts suggest that it will expand to USD 215.7 billion by 2032 with a compound annual
growth rate of 15.5% [2,3]. This surge in popularity of EVs has amplified the demand
for lithium-ion batteries (LIBs), resulting in increased prices for essential raw materials of
batteries such as cobalt, lithium, copper, and nickel. The prices of these raw materials have
seen a dramatic increase; for example, the price of lithium increased by four to five times in
2021 and almost doubled again from January 2022 to January 2023 [4]. Such heightened
demand has led to environmental and humanitarian concerns at numerous mining sites,
which are likely to increase proportionally with demand unless they are addressed.

Managing the surge of used EV lithium-ion batteries presents a significant challenge
for the U.S. as well as the rest of the world. The intricate composition of electric car batteries
includes elements like lithium, nickel, cobalt, copper, and graphite carbon, some of which
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are increasingly difficult to acquire economically. The scarcity and mining intensity of these
elements, coupled with pollution-heavy extraction processes, pose serious environmental
threats [5]. The improper disposal of LIBs creates the risk of releasing toxic chemicals into
soil and water, leading to the long-term contamination of natural resources. Such actions
can result in a wide array of health issues, including damage to internal organs, respiratory
problems, birth defects, and heart disease.

The ramifications of incorrect battery disposal extend beyond local pollution by con-
tributing to global environmental issues and probable illegal e-waste dumping. With the
growing global popularity of electric vehicles, improper disposal is becoming increasingly
problematic, elevating pollution levels and toxic waste in various countries. This, in turn,
affects water resources and public health while causing substantial harm to diverse ecosys-
tems and wildlife [6]. Given that over 2.5 million batteries for electrical and plug-in vehicles
have been sold in the past 12 years [7], efficient recycling solutions are required. The
U.S. government is funding recycling projects, with the Environmental Protection Agency
investing over USD 100 million in such initiatives and the Bipartisan Infrastructure Law
allocating USD 275 million between 2022 and 2026 as part of the Save Our Seas 2.0 Act [8].
This study aims to assess the environmental impacts and the effectiveness of these recycling
measures within the electric vehicle sector.

2. Literature Review

Global climate change has become one of the primary problems facing the planet. In
response to this threat, investments have been made to facilitate the transition from fossil
fuels to renewable energy as a primary power source for vehicles. One of the manifestations
of these investments is the surge in numbers of electric vehicles (EVs). As EVs become
more accessible and their prices continue decreasing, their adoption is expected to grow
significantly, with EVs predicted to make up 10% of all vehicle sales by 2025 and up to
30% by 2030 [9]. However, this increase in EV adoption raises a consequential concern: an
optimal strategy is needed for managing EV batteries when they reach their end-of-life
stage. This research performed a comprehensive review of the recent scholarly literature to
ascertain the most effective way of dealing with the critical issue of EV battery disposal
from a Life Cycle Assessment perspective.

As stated by Bobba et al. [10], Fan et al. [11], Quan et al. [12], and Gains et al. [13],
once batteries degrade to an 80% charging capacity, they are not effectively usable in
EVs; nonetheless, those batteries still have significant capacity within them, making them
suitable for reuse in other applications. In fact, Picatoste et al. [14] argue that, given the high
cost of manufacturing EV batteries and the impact of their production on the environment,
it is imperative to maximize the useful lifespans of these batteries by repurposing them
in different scenarios because the energy needed to recycle batteries directly after their
initial use in EVs is greater than the environmental benefits resulting from the recycling
effort [15,16]. While Kotak et al. [15] contend that when it comes to EV batteries, there are
countless possibilities for second-life applications, the majority of the literature identified
for this research focuses on repurposing batteries within an Energy Storage System (ESS).
Bobba et al. [10] highlight that repurposed EV batteries show promising environmental
benefits, especially when they are employed in place of new storage batteries in order to
support the self-sustaining energy needs of stand-alone photovoltaic (PV) installation in
houses. The environmental advantages are more substantial in regions with a less green
energy mix, such as substituting a diesel generator with grid-connected renewable energy.
Nonetheless, one problem that arises when building an ESS is the multitude of battery
chemistries, different degrees of usage, and the compositions available in the market,
making it difficult to build a truly interconnected system [8]. The two most common battery
chemistries prevalent within EVs are lithium iron phosphate (LFP) batteries and lithium
nickel cobalt manganese oxide (NCM) batteries [11]. To remedy this issue, Kotak et al. [15]
propose constructing an ESS with individual cell control, which would allow for the
combination of different cell chemistries while maximizing performance. Nevertheless,
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such a structure would come with a significantly higher cost. Once the battery reaches 60%
of its initial charging capacity, the battery must be disposed of as it can no longer fulfill the
system requirements for any potential second-use scenario. [10]. At this stage, recycling
becomes imperative in order to maximize the environmental benefits.

As reported by Fan et al. [11], recycling methods for lithium-ion batteries commonly
include hydrometallurgy, pyrometallurgy, and direct recycling. They found that when
comparing recycling methods, hydrometallurgical recycling lags slightly behind pyrometal-
lurgical recycling and direct physical recycling in terms of environmental benefits, possibly
due to the generation of a large amount of acidic wastewater during the hydrometallur-
gical process. Also, among these methods, recycling NCM batteries was found to offer
better environmental benefits. Conversely, in their study, Quan et al. [12] dispute that
hydrometallurgy consistently outperformed direct physical recycling and pyrometallurgy
in terms of environmental benefits. In fact, their study showcased that pyrometallurgy
was less effective in recycling steel, copper, and aluminum from NCM batteries. Simi-
larly, Marchese et al. [17] present a comprehensive examination of the hydrometallurgical
process, advocating the utilization of organic acids such as citric acid, oxalic acid, maleic
acid, or combinations thereof to foster a more sustainable approach to metal extraction.
Their analysis suggests that this method not only aligns with environmental and economic
sustainability, but also circumvents the need for costly post-processing of wastewater that
is typically associated with hydrometallurgical extraction techniques. Furthermore, the
use of organic acids is credited with simplifying the management of the leaching solu-
tion, reducing energy consumption, and diminishing carbon dioxide emissions, thereby
contributing to a reduction in the environmental footprint of metal extraction.

On the other hand, Rosenberg et al. [8] and Picatoste et al. [14] state that using both
recycling technologies, pyrometallurgy and hydrometallurgy, for the entire volume of
end-of-life batteries has the potential to achieve the lowest overall environmental impacts
within defined limits. Finally, in their study, Zanoletti et al. [18] explore various methods for
recycling lithium-ion batteries (LIBs), identifying hydrometallurgy and solvo-metallurgy
as standout approaches due to their unique benefits and challenges. Hydrometallurgy is
praised for its efficiency in energy use and its ability to purify metals to a high degree,
effectively reducing the environmental impact. On the other hand, solvo-metallurgy, an
innovative method using non-aqueous solvents like ionic liquids and deep eutectic solvents
(DESs), seeks to overcome the shortcomings of hydrometallurgy by reducing the generation
of wastewater and facilitating the thorough dissolution of cathode materials at reduced
temperatures. This cutting-edge technique is noted for its potential to significantly improve
the sustainability and effectiveness of the recycling process. Solvo-metallurgy, with its
pioneering strategies and dedication to environmental conservation, has the potential to
revolutionize the standards for efficient and eco-friendly battery recycling. However, its
scalability and industrial application are currently limited in contrast to pyrometallurgy
and hydrometallurgy, which are already widely implemented at the industrial level.

In summary, the above review highlights that while batteries may become unsuitable
for EV use when they reach around 80% recharge capacity, they still retain significant
potential for reuse, which is crucial given the environmental costs associated with the full
scope of battery manufacturing. Repurposing these batteries, especially in Energy Storage
Systems (ESSs) for self-sustaining energy needs, presents promising environmental benefits,
particularly in regions with a lower availability of green energy. However, challenges exist
in building interconnected ESSs due to the diversity of battery chemistries and their usage
and compositions. However, it is important to note that none of the studies mentioned in
this manuscript have been conducted in the United States, and given that the electricity
infrastructure within each country plays a significant role in the LCA comparisons for EVs,
such a study was performed and is reported here in order to clarify the true impact that
those batteries have on the environment in the U.S.
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3. Environmental Impact Categories

To fully understand the total environmental impact associated with EV battery re-
cycling, standard environmental impact categories were used to quantify the adverse
environmental and health impacts. Among over 30 environmental impacts considered
for inclusion, 19 were selected as being the most relevant for this study: Global Warming
Potential (GWP), Acidification Potential (AP), Cumulative Energy Demand (CED), Ozone
Depletion Potential (ODP), Particulate Matter Formation (PMF), Abiotic Depletion Potential
(ADP), Photochemical Ozone Creation Potential (POCP), Freshwater Ecotoxicity Potential
(FETP), Human Toxicity Non-Carcinogenic (HTnc), Human Toxicity Carcinogenic (HTc),
Eutrophication Potential for Terrestrial Situations (EPt), Eutrophication Potential for Marine
Ecosystems (EPm), Water Depletion, Land Use and Land Change, Biodiversity Loss, Noise
Pollution, Soil Quality Degradation, Thermal Pollution, and Groundwater Contamination.
A brief description of each selected impact category is provided below:

1. Global Warming Potential (GWP): Global Warming Potential (GWP) is a key metric
in a Life Cycle Assessment (LCA) for evaluating the impact of greenhouse gases
(GHGs) on global warming. It compares the radiative forcing effect—meaning the
change in the Earth’s energy balance—of different GHGs to that of carbon dioxide
(CO2), the reference gas. The GWP is calculated over different timeframes, typically
20, 100, and 500 years, to account for the varying lifespans and immediate impacts
of different gases. Shorter time horizons emphasize the effects of gases like methane
(CH4), which are short-lived but initially highly potent, whereas longer horizons
focus on gases like CO2 that persist longer in the atmosphere. The GWP of CO2 is
set as 1 across all timeframes, and other gases are rated based on how their warming
effects compare to those of CO2. This takes into account factors like the gas’s ability
to absorb and emit infrared radiation, its atmospheric lifespan, and its concentration.

2. Acidification Potential (AP): Acidification Potential (AP) is an important category
in a Life Cycle Assessment (LCA) that evaluates the potential of emissions to cause
acidification in the environment. This process involves pollutants being emitted into
the atmosphere that transform chemically and return to the Earth’s surface as “acid
rain” or other acidic substances or materials that can be converted by natural processes
into acidic substances. This can have harmful effects on soil, water, ecosystems, and
human health. Key pollutants contributing to acidification include sulfur dioxide
(SO2), nitrogen oxides (NOx), ammonia (NH3), and volatile organic compounds
(VOCs), which can arise from human activities as well as natural sources.

3. Cumulative Energy Demand (CED): Cumulative Energy Demand (CED) is a category
in a Life Cycle Assessment (LCA) that measures the total primary energy required
by a product, service, or system over its entire lifespan. It considers both renewable
and non-renewable energy sources, offering insights into the energy efficiency and
environmental impact of energy consumption. CED has two primary components,
the first being non-renewable energy, which includes energy from finite resources
like fossil fuels (coal, natural gas, and oil), nuclear energy, and other non-renewable
sources, and the second being renewable energy, which covers energy from sustainable
sources such as solar, wind, hydroelectric, geothermal, and biomass energy.

4. Ozone Depletion Potential (ODP): The Ozone Depletion Potential (ODP) is a measure
in a Life Cycle Assessment (LCA) that assesses how much a substance can damage
the ozone layer. The ozone layer is vital for protecting Earth from the sun’s harmful
ultraviolet (UV) rays. Substances with a high ODP contribute to ozone layer depletion,
leading to increased UV radiation reaching Earth, which can harm humans, animals,
and ecosystems. Key contributors to ozone depletion include chlorofluorocarbons
(CFCs), halons, carbon tetrachloride, methyl chloroform, and some hydrochlorofluo-
rocarbons (HCFCs) and hydro-bromo-fluoro-carbons (HBFCs). These substances emit
chlorine and bromine atoms in the stratosphere, which break down ozone molecules.

5. Particulate Matter Formation (PMF): Particulate Matter Formation (PMF) is an aspect
in a Life Cycle Assessment (LCA) focusing on the potential of emissions to create
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particulate matter (PM) in the air. PM comprises small particles or droplets that pose
risks to human health as well as to ecosystems and the environment. It varies in
size and composition, with PM10 describing particles of 10 μm or less, and PM2.5
describing particles of 2.5 μm or less. Smaller particles are particularly concerning as
they can penetrate deep into the respiratory system and even enter the bloodstream.
PMF primarily arises from emissions of primary particles, which are emitted directly,
and secondary precursors, like sulfur dioxide (SO2), nitrogen oxides (NOx), ammonia
(NH3), and volatile organic compounds (VOCs), which react in the atmosphere to
form particles.

6. Abiotic Depletion Potential (ADP): Abiotic Depletion Potential (ADP) is a category
in a Life Cycle Assessment (LCA) that examines the potential for depleting non-living
(abiotic) resources like minerals and fossil fuels. This depletion is a significant issue
due to its impact on the availability of these resources for future generations and the
resulting environmental and socio-economic implications. ADP specifically focuses
on non-renewable resources, including minerals which encompass metal ores (like
iron, copper, and aluminum), industrial minerals (such as limestone and phosphate),
and rare earth elements. Also, fossil fuels, with resources like coal, oil, natural gas,
and peat, are included in this category.

7. Photochemical Ozone Creation Potential (POCP): The Photochemical Ozone Cre-
ation Potential (POCP) is a measure used in a Life Cycle Assessment (LCA) to evaluate
the likelihood of certain emissions to form ground-level ozone or tropospheric ozone,
often referred to as smog. This type of ozone, unlike the protective layer in the
upper atmosphere, can negatively impact human health, ecosystems, and crops.
Ground-level ozone formation is the result of complex photochemical reactions in the
atmosphere, primarily involving volatile organic compounds (VOCs) and nitrogen
oxides (NOx). These substances, when released into the air and exposed to sunlight,
interact to produce ozone.

8. Freshwater Ecotoxicity Potential (FETP): The Freshwater Ecotoxicity Potential (FETP)
is an assessment category in a Life Cycle Assessment (LCA) that measures the possible
harmful impacts of substances released into freshwater environments. This category
evaluates the potential damage to aquatic life in bodies of water like rivers, lakes,
and streams, considering both the toxicity and the concentration of the chemicals
involved. The substances that contribute to freshwater ecotoxicity vary and include
heavy metals, pesticides, industrial chemicals, and pharmaceuticals. These chemicals
can negatively affect aquatic organisms by interfering with their biological processes,
reproduction, and survival. Such impacts can lead to alterations in the structure and
functioning of entire ecosystems.

9. Human Toxicity Non-Carcinogenic (HTnc): Human Toxicity Non-Carcinogenic
(HTnc) is a category in a Life Cycle Assessment (LCA) focusing on the potential
non-carcinogenic adverse health effects on humans from exposure to toxic substances.
It addresses a spectrum of health issues, including damage to organs, reproductive
and developmental toxicity, neurotoxicity, and endocrine disruption, among others. A
wide range of chemicals can contribute to non-carcinogenic human toxicity, including
heavy metals, solvents, pesticides, industrial chemicals, and air pollutants. These
substances can be absorbed into the human body via inhalation, ingestion, or skin
contact, and the resulting health impacts vary based on the amount (or dose), duration,
and method of exposure.

10. Human Toxicity carcinogenic (HTc): Human Toxicity Carcinogenic (HTc) is a crucial
impact category in a Life Cycle Assessment (LCA) that assesses the potential health
risks associated with exposure to carcinogenic substances. These substances may
cause cancer in living tissues, representing a significant health hazard. The assessment
looks at different pathways of exposure, such as inhalation, ingestion, and skin
contact. Various substances are identified as potential contributors to carcinogenic
human toxicity, including polycyclic aromatic hydrocarbons (PAHs), volatile organic
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compounds (VOCs) like benzene, heavy metals (for example, arsenic, cadmium, and
chromium), asbestos, formaldehyde, dioxins, and furans, as well as some pesticides
and herbicides known to have carcinogenic effects.

11. Eutrophication Potential for terrestrial (EPt): The Eutrophication Potential for Terres-
trial Ecosystems (EPt) in a Life Cycle Assessment (LCA) evaluates the environmental
impacts of excessive nutrient enrichment in land ecosystems. This phenomenon,
primarily caused by nitrogen and phosphorus compounds, leads to changes in soil
chemistry, alterations in plant communities, and habitat degradation. The major con-
tributors to this issue include nitrogen compounds (like ammonia, nitrogen oxides, and
nitrates) and phosphorus compounds (such as phosphates), originating from agriculture,
industry, transport, and waste management. This LCA category helps in assessing and
mitigating the impacts of nutrient overloading on terrestrial environments.

12. Eutrophication Potential for Marine Ecosystems (EPm): The Eutrophication Potential
for Marine Ecosystems (EPm) in a Life Cycle Assessment (LCA) focuses on assessing
the environmental impacts of excessive nutrient enrichment in oceanic habitats. This
enrichment, primarily from nitrogen and phosphorus compounds, can cause issues
like harmful algal blooms, oxygen depletion (hypoxia), biodiversity loss, and changes
in marine habitats. Nitrogen compounds (such as nitrate and ammonia) and phospho-
rus compounds (like phosphate) are the main contributors. These nutrients typically
come from agricultural runoff, wastewater discharge, industrial emissions, and at-
mospheric deposition. This LCA category helps in understanding and managing the
ecological impacts on marine environments due to nutrient overloading.

13. Water Depletion: Water Depletion is a significant impact category in a Life Cycle
Assessment (LCA) that aims to evaluate the potential environmental impacts associ-
ated with the depletion of freshwater resources. Water Depletion considers both the
quantity and quality aspects of water consumption and contamination, assessing
the stress placed on water resources and the consequent ecological, societal, and
economic implications.

14. Land Use and Land Change: Land Use and Land Use Change are crucial categories
in a Life Cycle Assessment (LCA) for evaluating the environmental impact of using
and altering land for human activities. “Land Use” examines the impact of using land
for agriculture, forestry, urban, or industrial purposes, focusing on the duration and
intensity of use and its effects on biodiversity, soil, and ecosystem services. “Land
Use Change” deals with the transformation of land from one type to another, such as
from forests to farmland or from grasslands to urban areas, and its implications on
land cover, habitat loss, albedo changes, and carbon and water cycles.

15. Biodiversity Loss: Biodiversity Loss is a key impact category in a Life Cycle As-
sessment (LCA) that investigates the potential adverse effects of human activities on
the variety of life on Earth, including the different species of plants, animals, and
microorganisms, the genetic differences within these species, and the ecosystems
they form.

16. Noise Pollution: Noise Pollution is an essential impact category in a Life Cycle
Assessment (LCA) that focuses on evaluating the environmental and human health
impacts associated with unwanted or harmful sound levels produced during various
life cycle stages of products, services, or systems. It is a significant concern due to
its potential effects on human health, well-being, wildlife, and the overall quality of
the environment.

17. Soil Quality Degradation: Soil Quality Degradation is a crucial impact category in a
Life Cycle Assessment (LCA) that addresses the decline in the health and functionality
of soil as a result of human activities. Soil quality is integral to ecosystem services as
good soil quality supports plant growth, regulates water flow, cycles nutrients, and
hosts a vast array of biodiversity.

18. Thermal Pollution: Thermal Pollution is an important impact category in a Life Cycle
Assessment (LCA) that assesses the effects of abnormal changes in the environmental
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temperature due to human activities. It typically occurs when industries or power
plants discharge heated water or air into the environment, affecting water quality and
ecosystems, particularly aquatic life.

19. Groundwater Contamination: Groundwater Contamination is a critical impact cate-
gory in a Life Cycle Assessment (LCA) that evaluates the extent and implications of
pollutants entering groundwater resources due to human activities. Groundwater is a
vital source of drinking water and irrigation, and its contamination can have severe
repercussions on human health, ecosystems, and water availability.

Inclusions and Exclusions of Environmental Impact Factors

In this study, the SimaPro software V7 was first used with its ReCiPe Endpoint (H)
V1.06/World ReCiPe H/H method for an environmental impact assessment. This approach
allowed for the analysis of 12 out of 19 potential impact categories. Due to software con-
straints, it was not possible to include the remaining seven critical factors: Global Warming
Potential, Cumulative Energy Demand, Water Depletion, Noise Pollution, Soil Quality
Degradation, Thermal Pollution, and Groundwater Contamination. In order to provide
a full consideration of the LCA effects, a separate discussion about these factors is later
provided. The subsequent use of the GREET software V2 provided a broader perspec-
tive, offering detailed data on emissions and energy consumption at various stages of
the recycling process. This facilitated a more comprehensive understanding of the Global
Warming Potential, Cumulative Energy Demand, and Water Depletion. Nevertheless, four
elements—Noise Pollution, Soil Quality Degradation, Thermal Pollution, and Ground-
water Contamination—remained elusive due to insufficient available data, making their
quantification challenging. Table 1 categorizes all 19 environmental factors, indicating
those analyzed and those beyond the study’s scope, for full consideration.

Table 1. Inclusion and exclusion of environmental factors.

Environmental Factors Included in SimaPro Included in GREET Excluded from Both

Global Warming Potential X

Acidification Potential X

Cumulative Energy Demand X

Ozone Depletion Potential X

Particulate Matter Formation X

Abiotic Depletion Potential X

Photochemical Ozone Depletion Potential X

Human Toxicity Non-Carcinogenic X

Human Toxicity Carcinogenic X

Eutrophication Potential for Terrestrial
Ecosystems X

Eutrophication Potential for Marine
Ecosystems X

Water Depletion X

Land Use and Land Change X

Biodiversity Loss X

Noise Pollution X

Soil Quality Degradation X

Thermal Pollution X

Groundwater Contamination X
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4. LCA Simulation

4.1. LCA Software Considered

Two software platforms, SimaPro and GREET, were selected for this Life Cycle As-
sessment (LCA) analysis. SimaPro stands out for its detailed LCA capabilities, including
a rich database such as Eco-invent and support for various impact assessment methods,
including Eco-Indicator, EDIP, EPD, ReCiPe, and CML. This set of capabilities positions
it alongside other leading LCA software like GaBi Pro and OpenLCA, enabling the direct
computation of environmental impacts to evaluate the effects on the environment and
human health. Its industry-leading status is bolstered by its robust database.

GREET, in contrast, is a freely available software tool developed by the Argonne
National Laboratory with support from the U.S. Environmental Protection Agency. It
distinguishes itself with customizable LCA features, particularly in presenting results as
actual emissions for each life cycle stage, and it facilitates a comparative, detailed analysis
of different recycling methods in this application. When used together, SimaPro and
GREET provide a comprehensive view of the entire LCA process, enhancing the accuracy
of assessments regarding the impact of recycling EV batteries on the environment and
human health.

4.2. SimaPro

The original SimaPro software was released in 1990. It is a leading software tool for
Life Cycle Assessments (LCAs) and is widely used in industry, consulting, and academia. It
offers comprehensive LCA capabilities, extensive environmental impact databases like Eco-
invent, and supports multiple impact assessment methods such as ReCiPe and CML. Its
flexibility allows for customized studies and scenario analyses to be conducted, and it also
facilitates collaboration and detailed reporting. Additionally, SimaPro can be integrated
with other tools for advanced analyses, making it a valuable asset for evaluating the
environmental impact of products and services, leading to potential process modifications
for impact reduction.

To model an EV battery’s life cycle using SimaPro, the nickel–cobalt–manganese
(NCM) chemistry was chosen as a representative of the current supply leader. The assess-
ment used the battery composition shown in Table 2.

Table 2. NCM battery composition.

Mineral Cell Part Average Content in kg Content % of Total

Graphite Anode 52 28.1%

Aluminum Cathode, Case, Current Collectors 35 18.9%

Nickel Cathode 29 15.7%

Copper Current Collectors 20 10.8%

Steel Case 20 10.8%

Manganese Cathode 10 5.4%

Cobalt Cathode 8 4.3%

Lithium Cathode 6 3.2%

Iron Cathode 5 2.7%

Total 185 kg 100%

An Assembly, sourced from SimaPro’s Eco-invent library, was created within the
SimaPro software to simulate the battery. Because the library did not allow for an exact
duplication of materials, as described in Table 1, material equivalents for some components
were selected and are shown in Table 3.
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Table 3. SimaPro battery assembly.

EV Battery Materials Equivalent

Anode, lithium-ion battery, graphite, at plant Graphite

Nickel, 99.5%, at plant Nickel

Cathode, copper, primary copper production Copper

Steel, converter, chromium steel 18/8, at plant Steel

Cathode, lithium-ion battery, lithium manganese oxide, at plant Lithium and Manganese

Cobalt, at plant Cobalt

Aluminum alloy, AlMg3, at plant Aluminum

Iron-nickel-chromium alloy, at plant Iron

SimaPro enables the integration of production process impacts into the final product
analysis. In the case of this assembly, focus was exclusively placed on the battery man-
ufacturing process. With New Jersey used as the benchmark location for this study and
considering that natural gas constitutes the primary energy source in the stat (accounting
for 46% of energy production [19]), the assumptions were made based on the premise that
all of the energy utilized in the battery production facility is derived from natural gas.
According to Kim et al. [20], energy use for cell production and battery pack manufacturing
amounts to 1500 MJ/kWh, which equates to 28 kg/kWh of natural gas. This amount was
divided equally between two processes in SimaPro, with the first being energy for factory
operation and the second being energy for machine operation, with 14 kg/kWh of natural
gas each. The difference between the energy spent on machine operations and factory
operations lies in their scope. Energy used in machine operations is specific to the power
consumed by the production equipment and machinery during their active use. In contrast,
energy spent on factory operations is more comprehensive, covering all energy usage
within the factory. This broader scope includes essential facilities like lighting, heating,
cooling, and ventilation, encompassing the overall operational energy requirements of the
factory environment. For the disposal scenario, because of the limitations inherent in the
available library data, only incineration was considered as a recycling option.

As mentioned previously, for the impact assessment analysis of this assembly, the
ReCiPe Endpoint (H) V1.06/World ReCiPe H/H method was considered, which is SimaPro’s
most comprehensively used method. The impact categories that are utilized in this method-
ology target 12 of the 19 impact categories of interest that were discussed earlier, with
Global Warming Potential, Cumulative Energy Demand, Water Depletion, Noise Pollution,
Soil Quality Degradation, Thermal Pollution, and Groundwater Contamination not being
accounted for in this particular SimaPro approach.

The SimaPro analysis showed that nickel, copper, and graphite are the primary contrib-
utors to environmental impacts during battery production. This important environmental
footprint aligns with the usage of these raw materials in battery manufacturing, where
graphite is the most used material, followed by nickel and then copper. The impact domi-
nance of these materials is further explained by the environmentally detrimental methods
of open-pit and strip mining that are commonly used for their extraction.

In the normalized results for the battery, Human Toxicity emerged as the most sig-
nificant environmental impact, followed by Particulate Matter Formation, Fossil Fuel
Depletion, and Climate Change Human Health. These impacts are largely due to the
environmentally negative practice of open-pit mining that is employed in extracting these
minerals. Open-pit mining in general leads to deforestation, habitat destruction, and soil
erosion, and it leaves excavated sites barren, often without significant efforts to restore
the lost vegetation. Additionally, the blasting frequently used during mining generates
fine dust that also poses serious health risks. For example, South Africa’s mining sector
reaches up to ten times the emergency threshold defined by the World Health Organization,
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with 2500–3000 cases of tuberculosis per 100,000 individuals, due in part to high levels
of particulates in mining operations [21]. As a result of the open-air open-pit mining
operations, fine dust, a form of particulate matter, cannot be effectively contained and
destroyed.

An examination of the environmental impacts of incineration relative to battery man-
ufacturing revealed that the impacts of manufacturing significantly outweigh those of
incineration. The presence of baghouses in incineration plants effectively mitigates partic-
ulate matter emissions. These systems work by pulling in air that is laden with particles,
filtering these particles out, and then either releasing clean air back into the environment or
reusing it within the plant. However, the primary environmental concern with incineration
lies in its contribution to climate change, primarily through the emission of greenhouse
gases, which remains a challenge despite particle filtration.

Lastly, it is crucial to acknowledge a key limitation of this study: the reliance on
SimaPro’s libraries that were last updated in 2010. This constraint not only limits the
functionalities available in the software but also affects the currency and temporal relevance
of the information generated. So, while trends can be identified, the precise delineation of
impacts cannot be obtained using this database.

4.3. Using GREET

GREET (Greenhouse Gases, Regulated Emissions, and Energy Use in Transportation)
is another LCA software tool, which was developed by the Argonne National Laboratory
of the U.S. Department of Energy. First released in the mid-1990s, GREET was designed to
evaluate the energy and environmental impacts of various vehicle technologies and trans-
portation fuels over their entire life cycles. The generated model provides a comprehensive
analysis of various factors, including energy consumption, greenhouse gas emissions, and
air pollution. GREET is widely used for research and policy analysis, helping to inform
decisions in transportation, energy policy, and environmental impact assessments. Its regu-
lar updates and enhancements have made it a pivotal tool in understanding the complex
interactions between transportation technology and environmental outcomes.

In this research, two electric vehicles were considered: the Tesla Model 3, with a
battery weight of 480.8 kg, and the Nissan Leaf, with a battery weight of 303 kg. Utilizing
the GREET software V2, these vehicles were modeled based on the EV300—Electricity
(Type 1 Li-Ion/NMC111 Conventional Material) vehicle template from GREET’s library. A
key feature of GREET is its ability to customize the electricity mix used for charging the
vehicles. For this analysis, the electricity composition specific to New Jersey was applied,
as depicted in Figure 1. This composition is based on the data provided by the EIA [19].

Figure 1. Energy distribution in New Jersey.
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When analyzing the results from GREET, only variables of interest for this situation
are, namely disposal and recycling and battery assembly and manufacturing. These factors
will be used here to illustrate the differences in impacts between producing a new battery
from raw materials and those generated by producing a battery using recovered materials
obtained by battery recycling. The results from GREET are displayed across twenty-three
columns, each representing different aspects of environmental impact and energy use
related to transportation. A brief description of each column is provided as follows:

1. Total Energy (J/mi): This measures the total energy consumed per mile, encompassing
all energy sources.

2. Fossil Fuel (J/mi): This indicates the amount of energy derived from fossil fuels that
is used per mile.

3. Coal Fuel (J/mi): This shows the energy from coal used per mile.
4. Natural Gas Fuel (J/mi): This represents the energy obtained from natural gas used

per mile.
5. Petroleum Fuel (J/mi): This denotes the energy from petroleum products used

per mile.
6. Renewable (J/mi): This represents the amount of renewable energy used per mile.
7. Biomass (J/mi): This represents energy derived from biomass used per mile.
8. Nuclear (J/mi): This represents energy from nuclear sources used per mile.
9. Non-Fossil Fuel (J/mi): This represents the energy from non-fossil sources used

per mile.
10. VOC (kg/mi): This represents the emissions of volatile organic compounds per mile.
11. CO (kg/mi): This represents carbon monoxide emissions per mile.
12. NOx (kg/mi): This represents nitrogen oxide emissions per mile.
13. PM10 (kg/mi): This represents particulate matter (10 μm or less) emissions per mile.
14. PM2.5 (kg/mi): This represents fine particulate matter (2.5 μm or less) emissions

per mile.
15. SOx (kg/mi): This represents sulfur oxide emissions per mile.
16. CH4 (kg/mi): This represents methane emissions per mile.
17. CO2 (kg/mi): This represents carbon dioxide emissions per mile.
18. N2O (kg/mi): This represents nitrous oxide emissions per mile.
19. BC (kg/mi): This represents black carbon emissions per mile.
20. POC (kg/mi): This represents primary organic carbon emissions per mile. (Basically,

these are combustible carbon compounds that can be filtered from emissions.)
21. CO2_Biogenic (kg/mi): This represents biogenic carbon dioxide emissions per mile.

(Basically, this is CO2 derived from biological sources other than fossil fuels.)
22. GHG-100 (kg/mi): This represents greenhouse gas emissions with a 100-year global

warming potential per mile.
23. GHG-20 (kg/mi): This represents greenhouse gas emissions with a 20-year global

warming potential per mile.

The results yielded from the GREET software V2 for the Tesla Model 3 are shown in
Table 4. The data presented in both Table 4 and Figure 2 clearly indicate that manufacturing
new (virgin) batteries demands significantly more energy compared to using recycled ma-
terial in existing batteries. Here, a comparison is made between the production of a virgin
battery with the sum of the impacts of the recycling process and the manufacture of a new
battery using recovered materials. Specifically, the energy consumption for manufacturing
virgin batteries is eight times higher than that based on recycling, emphasizing a substan-
tial disparity between the two processes. This finding highlights the critical importance
of investing in recycling facilities, which can lead to considerable energy savings with
resulting reductions in environmental impacts. Considering the energy sources in New
Jersey, where energy consumption (75.1 TWhrs) surpasses production (65.3 TWhrs), as
reported by the U.S. Department of Energy in 2016 [22], and with the prospect of rising
energy prices as a result of meeting escalating electricity demands, it becomes increasingly
essential to explore innovative approaches for reducing energy consumption.
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Table 4. Tesla Model 3—energy emissions.

Name Disposal and Recycling Virgin Battery

Total Energy (J/mi) 53,888 434,050

Fossil Fuel (J/mi) 44,512 379,658

Coal Fuel (J/mi) 1041 65,383

Natural Gas Fuel (J/mi) 43,417 260,341

Petroleum Fuel (J/mi) 54 53,934

Renewable (J/mi) 1470 23,001

Biomass (J/mi) 41 1293

Nuclear (J/mi) 7906 31,390

Non-Fossil Fuel (J/mi) 9376 54,391

 

Figure 2. Tesla Model 3 Energy Consumption—recycling vs. virgin battery.

When looking at the energy consumption for manufacturing a battery using virgin
raw material versus the energy consumption when using recycled Nissan Leaf batteries, it
can be seen that the data paint a very similar story to that seen with the Tesla Model 3 (see
Table 4 and Figure 2), with the total energy needed to produce a new battery also being
also eight times greater than that needed for raw materials obtained by battery recycling,
as shown in Table 5 and Figure 3.

Regarding the environmental emissions of both cars, starting with the Tesla Model 3,
as can be seen in Table 6 and Figure 4 the environmental emissions from virgin battery
manufacturing far outweigh the total emissions produced by using raw material obtained
from battery recycling. One important aspect to note is that CO2, GHG-20, and GHG-100
are greater than all other impact categories listed, as can be clearly seen in Figure 4. More-
over, for all three categories, virgin battery manufacturing produces about 10 times more
emissions than recycling, further highlighting the benefits that the recycling process has.
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Table 5. Nissan Leaf—energy emissions.

Name Disposal and Recycling Virgin Battery

Total Energy (J/mi) 34,037.09 275,611.2

Fossil Fuel (J/mi) 28,114.89 241,131.1

Coal Fuel (J/mi) 657.43 413,38.32

Natural Gas Fuel (J/mi) 27,423.05 165,701.8

Petroleum Fuel (J/mi) 34.41 34,091

Renewable (J/mi) 928.48 14,554.24

Biomass (J/mi) 26.21 817.8613

Nuclear (J/mi) 4993.72 19,925.82

Non-Fossil Fuel (J/mi) 5922.21 34,480.06

 

Figure 3. Nissan Leaf Energy Consumption —recycling vs. virgin battery.

Table 6. Tesla Model 3—environmental impacts.

Name Disposal and Recycling Virgin Battery

VOC (kg/mi) 6.74 × 10−6 7.10 × 10−6

CO (kg/mi) 1.91 × 10−6 4.70 × 10−5

NOx (kg/mi) 2.57 × 10−6 3.11 × 10−5

PM10 (kg/mi) 3.87 × 10−7 1.39 × 10−5

PM2.5 (kg/mi) 2.59 × 10−7 4.48 × 10−6

SOx (kg/mi) 5.36 × 10−7 7.23 × 10−5

CH4 (kg/mi) 7.88 × 10−8 1.32 × 10−4

CO2 (kg/mi) 0.002533 0.0242

N2O (kg/mi) 6.39 × 10−6 7.06 × 10−7

BC (kg/mi) 1.77 × 10−8 2.55 × 10−7
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Table 6. Cont.

Name Disposal and Recycling Virgin Battery

POC (kg/mi) 6.77 × 10−8 6.00 × 10−7

CO2_Biogenic (kg/mi) −3.81 × 10−6 −1.17 × 10−4

GHG-100 (kg/mi) 0.0028 0.0284

GHG-20 (kg/mi) 0.003267 0.0353

 

Figure 4. Tesla Model 3 Emissions—recycling vs. virgin battery.

The results obtained for the Nissan Leaf model are very similar to those obtained for
the Tesla Model 3, as can be seen in Table 7 and Figure 5.

A notable limitation of the methodology used in this study is related to how GREET
handles the computation of disposal and recycling. The software automatically depends
on its internal database to calculate ADR (Assembly, Disposal, and Recycling). To simplify
the conducted analysis, this research assumed an equal distribution across these three
components to isolate disposal and recycling. However, this approach restricts the ability to
modify or specifically control certain parameters within these calculations. This constraint
becomes particularly challenging when attempting to incorporate and analyze specific
recycling processes, such as hydrometallurgy or pyrometallurgy, within GREET. To address
this limitation, it was assumed that the GREET database accurately represents vehicle
materials for recycling and disposal. This simplification helped to navigate the software’s
constraints, enabling this research to proceed by focusing on an equal distribution across
ADR components. However, it is clear that a different approach would be required to
assess differences among the specific processes that might be used for EV battery recycling.
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Table 7. Nissan Leaf—environmental impacts.

Name Disposal and Recycling Virgin Battery

VOC (kg/mi) 6.04 × 10−7 4.50 × 10−6

CO (kg/mi) 2.46 × 10−6 2.98 × 10−5

NOx (kg/mi) 3.33 × 10−6 1.98 × 10−5

PM10 (kg/mi) 1.81 × 10−7 8.81 × 10−6

PM2.5 (kg/mi) 1.76 × 10−7 2.84 × 10−6

SOx (kg/mi) 5.76 × 10−7 4.57 × 10−5

CH4 (kg/mi) 1.00 × 10−5 8.36 × 10−5

CO2 (kg/mi) 0.0031 0.0154

N2O (kg/mi) 9.06 × 10−8 4.48 × 10−7

BC (kg/mi) 2.66 × 10−8 1.62 × 10−7

POC (kg/mi) 7.88 × 10−8 3.81 × 10−7

CO2_Biogenic (kg/mi) −1.90 × 10−6 −7.41 × 10−5

GHG-100 (kg/mi) 0.0034 0.018

GHG-20 (kg/mi) 0.0039 0.0224

 

Figure 5. Nissan Leaf Emissions—recycling vs. virgin battery.

4.4. Pros and Cons of LCA Software

SimaPro V7 offered several advantages, primarily its automated generation of envi-
ronmental impacts, which enables users to quantify various environmental aspects using
a diverse range of methods and libraries. These methods include the ReCiPe method for
global assessment and the CML 2 method tailored to the European market. This versatility
allows researchers to focus on specific environmental aspects, such as Global Warming
Potential, Acidification Potential, and the Eutrophication of Freshwater, among others.
SimaPro also generates informative graphs and tree networks to visualize the results and
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their breakdown, facilitating a deeper understanding of the environmental impacts. Fur-
thermore, users can normalize the results to identify dominant environmental factors.
SimaPro’s capacity to create and compare different assemblies and LCA systems is another
valuable feature. Table 8 shows a comparison of SimaPro with GREET.

Table 8. Comparison between SimaPro and GREET.

Feature/Aspect SimaPro GREET

Environmental Impact Generation
Automated generation of environmental

impacts using diverse methods
and libraries

Offers actual emission data including
total energy expenditure and specific
emissions (e.g., CO2, CH4, and VOCs)

Methodologies
Includes ReCiPe and CML 2 methods,

which are suitable for global and European
market assessments

Users can tailor entire LCA model,
including energy sources, manufacturing

processes, and recycling methods

Focus Areas Focuses on Global Warming Potential,
Acidification Potential, Eutrophication, etc.

Customizable focus on various aspects of
lifecycle, including raw material

extraction and disposal

Visualization Tools
Provides graphs and tree networks for

visualizing and understanding
environmental impacts

Lacks advanced visualization tools; relies
on raw data presentation

Result Normalization Enables normalization of results to identify
dominant environmental factors

Does not inherently provide
normalization of results for

environmental impact assessment

Database Timeliness Limited by timeliness of its database, with
no user access to update it with latest data

Allows for custom input, adapting to
latest data and techniques in rapidly

evolving fields

Customization
Limited customization in creating and

comparing different assemblies and
LCA systems

Exceptional customizability in energy
mixes, manufacturing processes,

transportation, and disposal techniques

Quantification of Impacts
Effective at quantifying environmental

impacts relevant to human health
and ecosystems

Requires external methods (like APEEP
Model) to quantify impacts on human

health and environment

Suitability Versatile for researchers focusing on
specific environmental aspects

Suitable for users needing high
customizability and detailed

emission data

However, SimaPro has some major drawbacks due to its heavy reliance on the current
version of its database because users have no access to updates or later versions, and it also
provides a comparison or offers ratios of different environmental categories and not actual
data. These limitations become particularly problematic in rapidly evolving fields, such as
recycling, where new data and techniques regularly emerge.

In contrast, GREET stands out due to its exceptional customizability. Users can specify
energy sources, create unique energy mixes, simulate various manufacturing processes,
define transportation modes and methods, and customize recycling and disposal tech-
niques. GREET also provides an extensive library of pre-existing products that serve as
starting points for customization. The entire LCA model, from raw material extraction to
manufacturing and recycling, can be tailored to specific needs.

Nonetheless, GREET’s main disadvantage lies in how it presents results. Unlike
SimaPro, GREET offers actual emission data for the entire process, including total energy
expenditure and emissions like carbon dioxide (CO2), methane (CH4), and volatile organic
compounds (VOCs), among others. This format is less useful when quantifying environ-
mental impacts, especially those related to human health. Users are compelled to rely on
external methods like the APEEP (Air Pollution Emission Experiments and Policy) Model
to transform these emissions into quantifiable environmental impacts [23].
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4.5. Qualitative Assessment

Software applications, such as GREET and SimaPro, are well-suited for analyzing
environmental impacts in areas with an abundance of quantitative data, including data
on Acidification Potential and Ozone Depletion Potential. These tools rely on extensive
and comprehensive databases to model and assess the environmental footprints of various
processes and products. However, for factors such as Noise Pollution, Soil Quality Degra-
dation, Thermal Pollution, and Groundwater Contamination, the variability and scarcity of
data across different projects pose significant challenges. In such cases, the standardized
databases and algorithms used by these software applications may not provide accurate
or relevant insights, rendering their application less effective. Despite this, the qualitative
assessments these software approaches can provide yield insights into the environmental
impacts of the products and services being studied. Consequently, the subsequent section
will undertake a qualitative analysis to evaluate these factors’ environmental effects.

While there are no specific data when it comes to noise pollution in the context of EV
battery manufacturing and recycling, results can be inferred from information about car
manufacturing. Comparing the noise pollution from the production of new cars to the
recycling of old ones requires evaluating the intensity and duration of noise generated by
each process. The manufacturing process of new cars involves heavy machinery for metal
pressing, welding, and assembly, which can generate noise levels up to 85–90 decibels (dB)
or more depending on the specific operations and machinery used [24]. This process is
continuous, leading to sustained noise pollution. On the other hand, the recycling of cars
involves dismantling, shredding, and reprocessing materials, with noise levels potentially
reaching up to 123 dB during the most intensive operations like metal shredding [25].
However, these activities may not be as continuous as car manufacturing, potentially
resulting in less sustained, but more intense, periods of noise pollution. The impact of
noise also heavily depends on the proximity of these activities to residential areas and the
presence and effectiveness of noise mitigation measures. While both processes generate
significant noise, manufacturing might contribute to more consistent noise pollution due
to its continuous nature, whereas recycling operations can have peak noise levels that are
higher during specific activities but might not be as constant.

The impact of producing new LIBs on soil quality versus the impact of making them
using recycled materials involves different aspects of environmental interaction. LIB manu-
facturing using virgin supplies entails extensive resource extraction, including mining for
metals and minerals like lithium and cobalt, which can significantly degrade soil quality.
These activities lead to soil erosion, heavy metal contamination, and changes in soil compo-
sition due to the disposal of industrial waste [26]. On the other hand, LIB recycling can also
affect soil quality, primarily through the potential leakage of hazardous substances such as
PFAS, lead, mercury, and cadmium during the dismantling process [27]. However, recy-
cling aims to reduce waste and reuse materials, which can mitigate some soil degradation
by decreasing the demand for new raw materials and minimizing the footprint of waste
disposal [28]. While both processes have the potential to impact soil negatively, the scale
and nature of their impacts differ. Manufacturing new LIBs has a broader environmen-
tal footprint that includes the degradation of soil quality at resource extraction sites and
around manufacturing plants [29]. In contrast, the impact of recycling is more localized
and can be mitigated through proper waste management practices and environmental
safeguards. Overall, EV battery recycling, when conducted responsibly, tends to have a less
detrimental impact on soil quality compared to the extensive soil degradation associated
with the resource extraction and waste production from manufacturing new batteries.

When comparing the thermal pollution associated with lithium-ion battery (LIB) man-
ufacturing versus LIB recycling, it is important to consider the energy-intensive processes
involved in both. Manufacturing LIBs from new materials is significantly more energy and
heat-intensive compared to producing them from recycled materials, leading to higher ther-
mal pollution. This is because new battery production involves energy-consuming stages,
such as material extraction and processing, while recycling reduces the need for these
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processes by reusing materials. Although recycling also requires energy, particularly for
dismantling and chemical treatment, it generally consumes less energy than manufacturing,
resulting in lower thermal pollution [30,31]. Consequently, while both manufacturing and
recycling LIBs contribute to thermal pollution, the environmental impact of new battery
production from virgin raw materials is considerably greater than that using raw mate-
rials obtained from battery recycling, highlighting the benefits of recycling in mitigating
thermal pollution.

Groundwater contamination risks differ markedly between the production and re-
cycling of lithium-ion batteries (LIBs). During the production phase, the extraction and
processing of raw materials such as lithium, cobalt, and nickel can lead to the release of
toxic chemicals into the environment, potentially contaminating groundwater sources.
These activities often involve the use of hazardous chemicals for metal extraction and
processing, which, if not properly managed, can seep into soil and groundwater [32]. On
the recycling side, while there is a potential for groundwater contamination through the
improper handling and disposal of battery components, advanced recycling processes aim
to minimize this risk by safely extracting valuable materials and treating waste products.
Recycling facilities are increasingly adopting measures to prevent the leakage of hazardous
substances, thus mitigating the risk of groundwater contamination. However, the effec-
tiveness of these measures depends on the particular recycling technologies used and the
regulatory frameworks in place. The U.S. Environmental Protection Agency (EPA) has
provided guidance on how to handle hazardous waste from lithium-ion batteries under the
Resource Conservation and Recovery Act (RCRA) [33]. Overall, while both the production
and recycling of LIBs pose risks to groundwater quality, the managed environment of
recycling processes, when conducted according to best practices, tends to present a lower
risk of contamination compared to the extensive environmental impact associated with
raw material extraction and processing as a part of battery production.

Therefore, the qualitative assessment of these factors is aligned with what has been
found quantitatively. Recycling decreases the environmental costs associated with the
production of virgin batteries from raw material extraction to manufacturing. However, a
qualitative assessment adds another layer to this analysis, highlighting how manufacturing
can disrupt and reduce the quality of life of citizens, with more pollution that they are
forced to deal with, as well as more polluted water and soil, which can have detrimental
effects on the health of these citizens, especially children. Hence, this qualitative analysis
further supports the use of recycling.

5. Life Cycle Cost Analysis

A Life Cycle Cost Analysis (LCCA) plays a pivotal role in the realm of electric vehicle
(EV) battery recycling. By meticulously evaluating the costs associated with the entire
life cycle of battery recycling, an LCCA provides invaluable insights into the economic
feasibility and sustainability of the recycling process. The ultimate objective of employing
an LCCA in this context is to accurately determine the cost of recycling EV batteries. This,
in turn, is crucial for calculating the expense involved in manufacturing new batteries
from recycled materials. Such an analysis is essential not only for understanding the
economic implications of recycling, but also for promoting more sustainable and cost-
effective developments in the rapidly evolving EV industry. It helps in making informed
decisions that balance environmental benefits with financial viability, thereby contributing
to a more sustainable future in the automotive sector.

In this research, the cost of recycling electric vehicle batteries was explored and
compared to the cost of new batteries. The price of a new Tesla Model 3 battery is currently
USD 15,800, and a Nissan Leaf battery is priced at USD 6500 [34]. To estimate the recycling
costs, two methods were employed. The first method, proposed by the Argonne National
Laboratory (the developers of the GREET software V2) in 2000 [35], initially set the recycling
cost at USD 10 per kilogram of battery. This cost has since decreased to USD 5 per kilogram.
This reduction in cost can be attributed to advancements in recycling technologies, increased
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efficiency in the recycling process, and economies of scale with the growth in the volume
of batteries to be recycled. As illustrated in Figure 6, recycled raw material proves to be
substantially more economical than purchasing virgin raw materials for the production
of new batteries. Specifically, for a Tesla battery, the acquisition of recycled materials is
six times less expensive than obtaining virgin materials, and for a Nissan Leaf battery, the
differential is four times cheaper.

 

Figure 6. Creating new batteries vs. recycling.

The second approach to estimating battery recycling costs is derived from a 2019 report
by the Argonne National Laboratory [36]. According to this report, the current total cost
for recycling lithium batteries is approximately USD 26 per kWh. This includes a recycling
fee of USD 10 per kWh, a charge applied by recyclers for the collection, processing, and
recovery of materials from spent batteries. Figure 7 contrasts the price of a new battery
(blue bar) to that of a recycled battery, which was calculated using the formula provided
above, developed by the Argonne Laboratory (orange bar). Based on this pricing, the cost
to produce a Tesla Model 3 battery is calculated to be USD 1692, while that for a Nissan Leaf
battery is USD 1066. These figures represent a significant reduction compared to the cost of
manufacturing batteries using virgin raw materials. This further suggests that recycling
should be recognized as a more cost-effective option when comparing the results to what is
presented in Figure 6, which is likely due to advancements in recycling technology and
processes becoming more streamlined and efficient over time, coupled with increased
investments in the field. This trend reinforces the potential for even lower manufacturing
costs in the future when using recycled materials.

Patrick Curran, a GLG Network Member and the CEO of Lithium Recycling Systems,
has provided insightful data on the economics of battery recycling [37]. He noted that
processing one metric ton of incoming batteries costs around USD 90. From this process, the
black mass obtained—a combination of nickel, manganese, and cobalt oxides with carbon—
can be sold for approximately USD 300 or more. Additionally, the metallic components,
mainly copper and aluminum found in the batteries, can fetch around USD 500. These
figures point to recycling as not only a profitable venture for investors, but also as a cost-
effective component of battery production. Recycling batteries to create new batteries is
substantially less expensive than using virgin materials, as demonstrated in Figure 8. This
highlights the economic advantage and potential savings achievable through the use of
recycled materials in the battery manufacturing industry. The analysis performed here
is rudimentary, and the economics are likely slightly more complicated for the following
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reasons. Assuming the same level of purity and regardless of the source, the materials—
lithium, cobalt, copper, etc.—will be sold at market value. So, if the organization that is
responsible for collecting spent batteries and processing them to recover the materials
also makes the replacement battery, then they will have larger cost savings. Otherwise,
if they sell the materials to a manufacturer, they will make a profit, but the price of the
manufactured battery will be comparable to that of the battery made from virgin materials.
A counter to this argument is the distinct possibility that the recovery of these materials
will increase the supply and, as a result, the cost of the materials will decrease, resulting in
some lowering of the cost of a battery.

 

Figure 7. Creating new batteries vs. recycling.

 

Figure 8. Recycling cost vs. projected revenue.

6. Discussion

The findings presented in this study advance the field of electric vehicle (EV) battery re-
cycling through a detailed comparison of the Life Cycle Assessment (LCA) results obtained
using the SimaPro V7 and GREET V2 software, with an emphasis on the environmental and
economic implications of recycling nickel–cobalt–manganese (NCM) chemistry batteries.

36



Batteries 2024, 10, 167

This analysis is particularly valuable in light of recent research efforts that have similarly
employed these tools to assess the sustainability of EV batteries. Notably, the findings
presented here reveal a significant reduction in environmental impact and energy consump-
tion through the use of recycled materials when compared to virgin battery production. A
similar observation was made by Harper et al. [38] in their comprehensive review on the
life cycle environmental impacts of lithium-ion batteries. However, where Harper et al. [38]
underscore the challenges in quantifying the specific contributions of battery components
to overall environmental degradation, this study leverages the updated databases and
methodologies of SimaPro and GREET to offer a more comprehensive analysis related to
materials such as nickel, copper, and graphite.

Moreover, the economic analysis presented in this research, highlighting the cost-
effectiveness of recycling when it comes to new battery production, aligns with the findings
of Gaines and Cuenca [35,39], who demonstrated the potential for considerable cost sav-
ings and revenue in battery recycling. Nevertheless, this study takes a deeper look at
these economic impacts by integrating a Life Cycle Cost Analysis (LCCA) to quantify the
profitability of recycling operations, hence providing a more detailed understanding of the
economics within which these processes occur.

In contrast to Wang et al. [40], who highlighted the technical efficiencies of various
recycling processes without fully addressing their environmental or economic contexts, this
research adopted a more holistic approach. By doing so, it not only reaffirmed the technical
feasibility of battery recycling, as demonstrated by Wang et al. [40], but also broadened
the discourse with a thorough environmental and economic analysis. This comprehensive
perspective is crucial for stakeholders aiming to optimize both the sustainability and
profitability of EV battery recycling.

It is also important to contextualize the findings reported in this study within the
limitations acknowledged, particularly when it comes to the reliance on outdated databases
and the simplifications inherent in economic analyses. These limitations reflect the broader
challenges facing LCA studies in achieving both precision and applicability, as highlighted
by Notter et al. [41] in their analysis of the environmental impacts of lithium-ion batteries.
As such, this study contributes to the ongoing effort to refine LCA methodologies and data
sources, offering a steppingstone towards more accurate and applicable guidelines in the
context of the sustainability of EV battery recycling.

Also, the results presented in this research validate and extend the findings of existing
research on the environmental and economic benefits of EV battery recycling. They also
provide new insights through the application of updated LCA tools and methodologies.
By doing so, this study not only reinforces the importance of recycling in mitigating the
environmental footprint of EV batteries, but also clarifies the potential for recycling as a
profit-generating business, thereby supporting the advancement of sustainable practices in
EV battery management.

6.1. Economic Analysis of Recycling Technology

Material recycling is not only advantageous for the environment, but for the economy
and society as well. The activities needed to locate, mine, and extract raw materials can
be replaced with the use of recovered materials from used batteries. All of these activities
need energy, destroy the surrounding landscape, and pollute the environment. Moreover,
the search for raw materials has deep political and social implications, with minerals such
as cobalt, copper, and lithium being the root causes for several human rights violations [42].

On the global stage, there is a significant push away from the traditional linear econ-
omy, where materials are manufactured, used, and then disposed, whereas with the circular
economy, after disposal, the raw materials of a product are extracted, and new batteries are
manufactured [43]. In Europe, waste management infrastructure is sufficiently advanced to
allow for an almost complete collection of solid wastes [44]. However, after collection, there
is a notable drop in the recycling of those collected materials. In fact, an EEA report [45]
estimated that even when considering the most optimistic economic scenarios, recycled
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materials from wastes constitute less than 0.5% of the European GDP, with recovered mate-
rials only representing 5% to 15% of the materials used in manufacturing and construction
in most EU countries [46].

A total of 5.7 billion tons of material has been consumed by the EU economy to support
its population’s demand for goods and services in 2013, amounting to approximately EUR
400 billion [43]. The trend of increased consumption is expected to increase as the world
population grows, with estimates suggesting an 800% increase in consumption by 2050
when compared to 1990′s level [47]. Consequently, experts have asserted that unless the
process in which raw materials are disposed of and recycled changes, the current stock of
virgin material that is still unextracted will not be enough to support the needs of future
generations [48], with around 100 billion tons of raw materials having entered the economy
in 2020 alone [49].

On a more positive note, the transition towards a circular economy is expected to
yield USD 500 billion in savings for the European economy [50], and it is estimated that it
will create one million jobs in the recycling and remanufacturing industries [51]. From a
strategic perspective, adopting the CE approach reduces a country’s reliance on material
imports, shielding it from potential supply disruptions and price volatility, as was seen
during the COVID-19 pandemic [43,52].

LIB recycling fits perfectly in the context of a CE. LIBs are the technology of choice for
electric and hybrid vehicles, and they can be re-used in the context of stationary energy
storage solutions given that LIBs retain about 80% of their capacity at the end of their
first use [53,54]. LIBs experience widespread usage in various private and industrial
applications, including commercial electronics such as laptops and smartphones [55,56].
In fact, for EVs alone, the global demand for battery capacity is expected to increase from
120 GWh in 2019 to 1525 GWh in 2030 [57]. In addition, China is positioned as the largest
EV market in the world and is the primary contributor to this increasing demand, which
was made possible through a combination of market dynamics, governmental policies, and
manufacturing capabilities [58]. Hence, a global push towards recycling is necessary.

However, the global recycling rate for LIBs is still less than 5% [59]. To tackle this
problem and reduce the world’s reliance on virgin materials, the CE approach suggests
two strategies: recycling LIBs to recover raw materials such as lithium, cobalt, and man-
ganese and re-using LIBs in stationary energy systems or other applications [60,61]. Addi-
tionally, innovative recycling technologies are poised to increase the efficiency of material
recovery and reduce waste. Nonetheless, while there is a legislative push by policymakers
to encourage circular economy implementation, challenges remain such as material losses
and the need for further processing in order to reuse LIBs in different applications [61]. Ad-
ditionally, there are also important technical and economical hurdles that prevent recycling
technologies from achieving high recovery rates, as well as a lack of data with regard to
reuse and remanufacturing technologies, which are needed in order to evaluate the usage
of LIBs in secondary applications [62,63].

6.2. Political Motivations behind Recycling Adoption

The EV battery market is largely dominated by China in terms of production and recy-
cling, which has sparked concerns by U.S. and European lawmakers, given the importance
that LIBs have on the global stage. Indeed, China accounted for about 80% of global LIB
production, and its EV sales neared six million in 2022. This dominance is the product
of substantial investment by the Chinese government in the development of a reliable
infrastructure that supports this level of production, in addition to significant investment
in research and development efforts [64]. China is also the global leader when it comes
to LIB recycling, with this market being expected to increase from USD 11 billion to USD
18 billion by 2028, which represents approximately the entirety of the recycling market [65].

Moreover, current trends suggest that China’s role as a global leader in LIB production
and recycling is assured for decades to come, with researchers estimating that China
will reach lithium self-sufficiency from recycling by 2059, meaning it is way ahead of
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competitors such as Europe and the U.S., which are poised to reach self-sufficiency by
2070 [66]. Additionally, researchers found that China will meet its demand for nickel and
cobalt by 2045 and 2046, respectively, well before Europe and the U.S. [66,67].

Given the following, Western countries have to make significant efforts in order to
overtake China as global leaders in the LIB space. In fact, the Inflation Reduction Act of
the U.S., which was signed into law in 2022, includes several provisions that promote local
EV recycling initiatives. This has prompted significant investments in companies, such as
Ascend Elements and Redwood Materials, with the aims of reaching a closed-loop supply
chain and reducing the U.S.’s reliance on Chinese imports [68]. On the other hand, China is
taking measures to reinforce its lead, with several policies being implemented that aim to
enhance research and set stringent recycling standards, opposing the efforts made by the
U.S., which China has accused of being “anti-globalist” [69]. The aggressive implementation
of these measures highlights the increasingly political nature of the recycling race, with
the level of governmental support playing a crucial role in the trajectory of EV battery
production and recycling [70].

6.3. The Specific Contributions of This Study

This study substantially advances the existing body of knowledge regarding the
secondary use of lithium-ion batteries (LIBs), which, until now, primarily assessed the
impacts at isolated environmental, societal, or economic levels. This research takes a novel
approach by offering a holistic analysis that considers the combined downstream effects
of LIB misuse, marking a pioneering effort in this field. Through the use of advanced
analytical software, namely SimaPro V7 and GREET V2, this research quantifies environ-
mental impacts in fifteen distinct categories. This comprehensive quantification not only
provides a direct comparison with the environmental costs associated with manufacturing
new batteries, but also clearly showcases the considerable environmental advantages of
battery recycling.

Additionally, this study explores qualitative impact factors that are often overlooked
due to the difficulty in quantifying them. These include noise and thermal pollution, as
well as the degradation of soil and water quality, which significantly deteriorate living
conditions. Furthermore, it is often the poorest and most marginalized communities that
are disproportionately affected by those actions, as they tend to live closer to industrial
sites [71], further exacerbating social inequalities.

Economically, this research outlines the viability of recycling as a profitable business,
bolstered by current economic policies and geopolitical dynamics. The findings show that
recycling not only has substantial economic benefits but also aligns with recent governmen-
tal fiscal incentives aimed at supporting domestic raw material production over imports.
This aspect of the study underscores the strategic importance of recycling initiatives in
strengthening local economies and reducing the dependency on foreign resources.

Overall, this expanded investigation shows a comprehensive picture of the multi-
faceted impacts of LIB recycling. It equips stakeholders, policymakers, and the general
public with a deeper appreciation of the benefits of recycling, encouraging broader support
for sustainable practices. By providing a thorough analysis of both the quantifiable and
qualitative effects, this research offers valuable insights that can lead to more informed
decisions, fostering a more sustainable and equitable approach to battery use and recycling
in the technological era.

7. Summary and Conclusions

The world must be ready to effectively handle the influx of end-of-life (EOL) electric
vehicle (EV) lithium-ion batteries (LIBs). Effective management is crucial to mitigate the
significant environmental and economic consequences associated with improper disposal.
Recycling presents an optimal solution, enabling the reuse of materials, thereby reducing
both the cost of new batteries produced from recycled LIBs and the emissions associated
with raw material extraction. Conducting a Life Cycle Assessment (LCA) provides a
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detailed analysis of each stage in the battery’s lifecycle from extraction to disposal. SimaPro
and GREET enabled the evaluation of emissions from both new and recycled batteries
despite the differing presentation styles of the two software packages, and both indicated
that recycling has reduced levels of environmental impacts compared with the use of
new materials.

Additionally, a Life Cycle Cost Assessment (LCCA) revealed the economic viability
and commercial potential of recycling. Future research endeavors should include sev-
eral key initiatives to enhance the understanding and evaluation of EV battery recycling.
Hydrometallurgy and pyrometallurgy processes should be incorporated into the GREET
software analysis to better assess the environmental impacts of these recycling techniques.
Lastly, future research should concentrate on quantifying both the environmental and
economic costs associated with producing new batteries using recycled materials. This
thorough approach would deepen the insights into the recycling process and assess the
practicality and sustainability of using recycled components obtained from alternative
processing techniques in second-use battery production.

In the United States, recycling companies have established factories in various states,
such as Nevada, which includes companies like Redwood Materials, NV and American
Battery Technology Co.; Texas, which includes companies like Ecobat; Massachusetts, which
includes companies like Ascend Elements; and New Jersey, which includes companies
like Princeton NuEnergy, to name a few. While the topic of this study revolves around the
state of New Jersey, states in which recycling companies have factories are making a push
towards making their energy mixes more environmentally friendly by increasing their
reliance on renewable sources like wind and solar energy and decreasing their reliance
on fossil fuels. Ganji et al. [72] denote that the U.S. electric sector is expanding its use of
natural gas and renewable energies and moving away from the traditional reliance on coal
and oil. The findings in this paper can safely be generalized to other states that house
recycling companies; however, future research should still endeavor to study energy mixes
in other states primarily to gain better insights on the current state of U.S. infrastructure
and its suitability to allow for further transition towards renewables.
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Abstract: This paper presents an experimental comparison of two types of Li-ion battery stacks for
low-voltage energy storage in small urban Electric or Hybrid Electric Vehicles (EVs/HEVs). These
systems are a combination of lithium battery cells, a battery management system (BMS), and a central
control circuit—a lithium energy storage and management system (LESMS). Li-Ion cells are assem-
bled with two different active cathode materials, nickel–cobalt–aluminum (NCA) and lithium iron
phosphate (LFP), both with an integrated decentralized BMS. Based on experiments conducted on the
two assembled LESMSs, this paper suggests that although LFP batteries have inferior characteristics
in terms of energy and power density, they have great capacity for improvement.

Keywords: comparative analysis; lithium-ion batteries; state of charge; state of health; testing; urban
EVs/HEVs

1. Introduction

Electromobility is the process of using electric vehicles as a way to reduce emissions of
carbon dioxide and other pollutants that are common to traditional vehicles with internal
combustion engines. This term generally includes both passenger cars and heavy-duty
vehicles that use electric power. The main goal of electromobility is to create a cleaner,
more efficient, and sustainable transport system. Urban electric and hybrid vehicles (EVs
and HEVs) have become popular choices for modern urban transportation due to their
environmental and operational advantages. However, like any technological product, they
also have their drawbacks. The following is a summary of their main advantages and
disadvantages [1–3]:

1. Advantages:

- Reduced carbon dioxide emissions—EVs and HEVs emit significantly less or no
carbon dioxide into the atmosphere compared to conventional cars, making them
more environmentally friendly.

- Savings on fuel costs—Using electricity as the main or partial source of energy
can significantly reduce fuel costs.

- Low operating costs—Electric motors require less maintenance than conventional
internal combustion engines because they have fewer moving parts.

- Quiet operation—EVs are significantly quieter than vehicles with internal com-
bustion engines, reducing noise pollution in urban environments.

- Support from public and public funds—Many governments offer tax breaks,
subsidies, and other incentives for the purchase and use of EVs and HEVs.

2. Disadvantages:

- Limited range—Many electric vehicles still have a relatively limited range per
charge compared to gasoline-powered cars.
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- Charging time—Charging an EV battery can take significantly longer than filling
up a traditional car with fuel.

- Insufficient charging infrastructure—Many cities still lack a sufficiently devel-
oped infrastructure for the fast and convenient charging of electric vehicles.

- A high initial cost—Despite declining prices over time, EVs and HEVs often have
higher purchase prices than conventional cars.

- The environmental issues of batteries and other elements of these vehicles—The
production and disposal of lithium-ion batteries bring environmental risks and
challenges, including the mining of rare metals and waste management.

Choosing an urban EV or HEV can be influenced by many factors, including personal
preference, the availability of charging infrastructure, and government policies.

Lithium-ion batteries are the main source of energy for electric and hybrid vehicles,
including those intended for urban use. They have a number of advantages that make
them the best choice for this type of transport [4–6]:

- Compactness and lightness—For an urban vehicle, it is important that the battery
occupies a minimum amount of space and adds as little weight as possible to the
vehicle. Lithium-ion batteries are lighter and smaller in size than other types of
batteries, which make them suitable for inclusion in the construction of small and
maneuverable city cars.

- Modularity—Batteries can be designed into modular systems, allowing them to be easily
added or removed from the vehicle for maintenance purposes or capacity upgrades.

- Thermal management—Urban vehicles often operate in stop/start conditions, which
can cause the battery temperature to rise. Effective temperature management systems
are critical to maintaining optimal performance and extending battery life.

- Fast and flexible charging—Lithium-ion batteries usually support fast charging, which
is important for urban vehicles, as they can be quickly recharged during short interrup-
tions in service. Also, batteries are often compatible with different types of charging
stations, offering flexibility in urbanized areas with diverse charging infrastructure.

- Durability and reliability—In an urbanized environment where vehicles are used
intensively, it is important that batteries have high durability and can withstand
multiple charging cycles without a significant reduction in their efficiency.

- Environmental sustainability—Given the increasing regulations to reduce emissions
and increase sustainability, lithium-ion batteries offer an environmentally friendly
solution, as they do not require the burning of fuels and are less polluting than
traditional car batteries.

These characteristics of lithium-ion batteries make them suitable for use in urban
electric and hybrid vehicles, providing them with reliability, efficiency, and flexibility in
energy management.

Thus, lithium-ion (Li-Ion) batteries are currently the best energy storage technology
for EVs/HEVs and, as such, have been widely investigated in the literature [7,8]. The focus
of previous studies ranges from determining the batteries’ carbon footprint and energy
consumption during production [9–11] to conducting numerous experiments designed to
obtain electric equivalent circuit models based on charging/discharging characteristics
with different types of current waveforms or impedance measurements. These current
profiles are important because the typical characteristics of cells in a datasheet are given for
a constant current, which is not the case in EV/HEV applications. The potential advantages
and disadvantages of the most popular types of cells for such applications, namely nickel–
manganese–cobalt (NMC) and nickel–cobalt–aluminum (NCA), are widely available, and
these are the ones that are primarily used in EVs [1,12,13]. There are, however, fewer
equivalent studies covering LFP batteries, as these are considered suboptimal both in
energy and power density [12].

On the other hand, batteries for hybrid and electric cars differ in several important
characteristics depending on the specific requirements and purposes of these vehicles. The
main differences between them are as follows [4,7]:
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1. Capacity and energy density

HEV: Hybrid car batteries have lower capacity and energy density than electric car
batteries. They are designed to assist the internal combustion engine during accelera-
tion, provide short-term electric traction, and store the energy generated during regenera-
tive braking.

EV: The batteries of electric cars have significantly higher capacity and energy density
as they must provide the main source of energy for driving the car. They are designed to
allow for a longer mileage on a single charge.

2. Size and weight

HEV: Hybrid car batteries are smaller and lighter because they do not need to provide
a large amount of energy for an extended period. This helps keep the overall weight of the
vehicle lower.

EV: Electric vehicle batteries are larger and heavier due to the greater capacity required
to provide a longer range. This results in an increase in the overall weight of the vehicle,
which, in turn, necessitates the use of lighter materials in other components of the vehicle
to compensate.

3. Type and chemical composition

HEVs: Hybrid electric vehicles use nickel–metal hydride (NiMH) batteries or lithium-
ion batteries. NiMH batteries are cheaper and more reliable but have a lower energy density
than Li-ion batteries.

EV: Electric vehicles mainly use lithium-ion batteries due to their high energy density,
long life, and relatively low weight. Recently, other types of batteries have been developed,
such as solid-state batteries, which promise better performance.

4. Charge and Use Cycles

HEV: Hybrid car batteries are used for short periods and are charged and discharged
frequently, but in smaller cycles. They must withstand numerous short charge and dis-
charge cycles.

EV: Electric car batteries are used for longer periods and charged less frequently
but require longer charging times. They must withstand greater and longer charge and
discharge cycles.

5. Terms of use

HEVs: HEVs operate in smaller temperature and load ranges because the battery is
not the only source of energy.

EVs: EVs must function efficiently in a wide range of conditions, including extreme
temperatures and high loads, as the battery is the main source of energy that drives the
vehicle.

Batteries for hybrid and electric cars have specific characteristics that reflect the dif-
ferent requirements and uses of these vehicles. Hybrid batteries are smaller, lighter, and
designed for short charge and discharge cycles, while electric car batteries have a larger
capacity and are designed to provide long ranges on a single charge and can therefore
operate under more severe operating conditions.

Recent developments in battery management system (BMS) software have led to the
creation of efficient algorithms for accurate state of charge (SOC) and state of health (SOH)
estimations and the balancing of individual cells when part of a pack, as is the case in an
LESMS. The balancing methods used are generally based on active and passive balancing
techniques, but methods based on a Kalman filter (KF) also exist [14–16]. These studies
allowed for the implementation of intelligent BMSs in high-voltage Li-ion packs used in
energy storage systems based on NMC or NCA types of batteries. However, there has
been a recent trend among all EV manufacturers to try LFP cells in EVs as they have a
significantly lower price because they do not require rare earth materials despite having
a lower energy density. These cells can be assembled as a stack with a combined energy
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greater than 100 kWh [17,18]. As this trend is recent, there are not many direct comparisons
between implementing an LESMS based on NCA or NMC cells and implementing LFP
cells to reduce costs.

These applications do not need to use a high-voltage bus (400–800 V) as they typically
have a voltage around 48–96 V, leading to a smaller number of cells and a smaller final
volume. To implement such systems, conducting additional research on low-voltage
systems is an important step [19,20]. This is the primary motivation for this paper, where
direct comparisons are made between an LFP and NCA system with the same energy,
working with voltages under 100 V. The experimental data are gathered from real conditions
using a mechatronic system that is mounted on a test vehicle [21].

Recent advances in battery technology for urban EVs/HEVs are aimed at improving
the energy density, extending the battery life, increasing safety, and reducing costs. These
innovations will continue to support the growth and spread of electric and hybrid vehicles,
making them more affordable and efficient for consumers. Some of the main innovations
and achievements made are as follows [6,9,13]:

1. Solid-State Batteries

Solid-state batteries are one of the most promising new technologies. They use solid
electrolytes instead of liquid ones, which increases the energy density and safety of the
batteries. These batteries are less prone to overheating, and the possibilities of short
circuits are greatly reduced. Examples of progress in this area include developments from
companies such as Toyota and QuantumScape.

2. Lithium–sulfur (Li-S) batteries

Lithium–sulfur batteries offer significantly higher energy density than traditional
lithium-ion batteries. They use sulfur as the cathode material, which reduces costs and
increases capacity. Although there are still challenges related to cycle life and stability,
advances in materials science and engineering technology continue.

3. Improvements in electrode materials

The development of new anode and cathode materials, such as silicon anodes and
nickel–cobalt–manganese (NCM) cathodes, is helping to increase battery capacity and life.
Silicon anodes, for example, can store more lithium ions than traditional graphite anodes.

4. Fast charging

New technologies and methods of accelerated charging allow a significant reduction
in battery charging time. An example of this is the development of new electrolytes and
improved thermal management methods that allow rapid charging without overheating
the batteries.

5. Intelligent Battery Management Systems (BMSs)

Battery management systems are becoming increasingly intelligent, using machine
learning algorithms and artificial intelligence to optimize charging and discharging, moni-
tor battery health, and extend battery life. These systems can predict and prevent potential
problems, thereby increasing the safety and efficiency of batteries.

6. Recycling and sustainability

The sustainable production and recycling of batteries is becoming increasingly impor-
tant. New recycling methods enable the extraction and reuse of valuable metals, such as
lithium, cobalt, and nickel, reducing dependence on raw material extraction and minimiz-
ing the environmental footprint.

7. Thermal management systems

Improvements in thermal management systems help maintain the optimal operating
temperature of batteries, increasing their efficiency and life. The use of new cooling
materials and passive and active cooling methods reduces the risk of overheating and
increases safety.
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2. Goals

The goal of this study is to conduct basic tests on low-voltage LESMSs for use in
low-range urban EVs/HEVs. Two experimental systems are built—one using NCA cells
and the other using LFP cells. These are integrated in a test vehicle to collect data during
real driving cycles. The collected data allow us to make direct comparisons between the
two systems and to draw conclusions about their potential for uses in low-cost urban
EVs/HEVs and in other possible applications such as off-grid PV systems. In this way,
we can fill the gap in the literature on the subject related to the testing of energy storage
elements in real operating conditions related to their use for urban transport vehicles.

3. Materials and Methods

For a proper comparison between NCA and LFP cells, the characteristics of both
cells themselves and the assembled battery packs must be examined. These should be
established by using appropriate instrumentation to assemble and provide long-lasting
energy storage and management systems (LESMSs) with high power, safe low voltage and
operation, zero carbon emissions, and low costs [22,23].

3.1. Types of Li-Ion Cells Used in EVs/HEVs

Only two types of Li-ion cell chemistries have stood the test of time and are widely
used for energy storage in EVs/HEVs [4,13]:

• Lithium–nickel–manganese–cobalt (NMC). The active cathode material is LiCoNiMnO2.
The nominal voltage of one cell is in the range of 3.6–3.7 V [24].

• Lithium–cobalt–nickel–aluminum (NCA). The active cathode material is LiCoNiAlO2.
The nominal voltage is in the range of 3.6–3.7 V [25].

These are lithium cells that are based on cobalt and have high energy density, and as
such, they are widely used in modern EV/HEV battery stacks. Their charge characteristics
are almost identical. They have a relatively low flash point at 215 ◦C and are inclined to
the “thermal runaway” effect, which warrants additional protection circuits [26–28]. The
NCA-type cell has a higher relative energy density in comparison to the NMC-type cell,
but it is more expensive.

Relatively recently, some vehicle manufacturers tried using an LFP cell for
energy storage:

• Lithium–iron–phosphate (LFP). The active cathode material is LiFePO4. The charg-
ing voltage is in the range of 2.1–3.65 V, but it can be up to 3.9 V if doped with
yttrium—whose active cathode material is LiFeYPO4. The nominal voltage is in the
range of 3.2–3.35 V [24]. These cells have a flash point of 270 ◦C and, as such, are harder
to ignite than NMC or NCA in the case of improper charging or mechanical damage.

The anode material of all cells is graphite.
A comparison of the cells used is given in Table 1. It should be noted that due to the

smaller capacity and energy of an individual NCA cell, a comparison is made between
26 cells in parallel. This way, the cells are compared with relatively the same energy. The
data are from the manufacturers [24,29].

Table 1. The key parameters of the used cells.

Cell
Chemistry

Capacity C
[Ah]

Dimensions of
One Cell [mm]

Nominal
Voltage

[V]

Weight
[kg]

Energy
[Wh]

LFP 100 150 × 180 × 70 3.3 3 330
NCA 91 (26p) 18 × 65 3.65 1.3 332
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3.2. Stack Assembly

The battery stack is made using serial combinations of cells. Parameters of individual
cells are given in Table 1.

• Li-ion battery consisting of 24 series connected prismatic LFP cells with chemistry

LiFeYPO4 has a nominal size of 150 × 180 × 70 mm, a capacity 100 Ah, and a nominal
voltage of 3.33 V. The open-circuit voltage (OCV) of the battery is −79.2 V, and the energy
of the stack is 7.92 kWh [29].

• Li-ion battery stack consisting of 676 cylindrical NCA cells with chemistry

For LiNiCoAlO2, the nominal size of each cell is 18 × 65 mm, the capacity 3.5 Ah, and
the nominal voltage 3.65 V [2]. The cells are combined in 26p (26 cells in parallel) with
OCV − 3.65 V and a capacity of ~91 Ah. With this combination, one 26P combination NCA
cells is approximately equal in capacity to one LFP cell. The final assembly is 26P × 26S
(26 of the individual parallel cells are combined in series), the OCV is 96.4 V, and the energy
is 8 kWh. A 10 A fuse is connected in series with each cell for additional protection and to
reduce the chance of “thermal runaway” of the battery in the case of a fire [19,28,30]. Both
cell stacks have approximately the same energy −LFP − 7.92 kWh and NCA − 8 kWh. The
data of the used battery are summarized in Table 2.

Table 2. Battery stack comparison.

Cell
Chemistry

Capacity @
1C [Ah]

Series
Connections

Nominal
Total

Energy
[kWh]

Total Cell
Only Weight

[kg]

LFP 100 24 79.2 7.92 72
NCA 91 (26p) 26 96.4 8 34.8

3.3. Experimental Vehicle

The assembled cells, alongside an intelligent BMS, are integrated in a test vehicle.
The vehicle has an integrated mechatronic system for collecting the data during the
charge/discharge process of the battery in a real environment. This system was thor-
oughly presented in [21]. Figure 1a,b shows how the cells are integrated in the back seat of
the vehicle.

  
(a) (b) 

Figure 1. Test vehicle with assembled battery stacks for conducting test. (a) LFP type; (b) NCA type.
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The mechatronic system has various types of data acquisition devices and sensors;
for impedance measurements, the data acquisition device used was LabJack—U3 (LabJack
Corp., Lakewood, CO, USA) with a programmable battery charger and indicator blocks.
The system has a graphical user interface (GUI) for the automatic acquisition and analysis
of key data while driving. This interface was developed in LabVIEW 2024 Q1 [21], and a
block diagram is shown in Figure 2.

Figure 2. A block diagram of the developed system.

3.4. Intelligent Module System for Battery Control—BMS

There are three main objectives that are common for every type of BMS:

• To protect the individual cells from damage due to over discharge or overcharge.
• To prolong the life of the battery by optimally equilibrizing the charge in each cell of

the battery.
• To keep the battery in a state which allows for its optimal use.

The developed BMS measures the voltage and current of each cell during operation.
The modules for each cell are decentralized and provide serial communication to a master
device. When the battery is not in use, the BMS enters a low-power economy mode. When
charging, the cell balancing function is performed automatically. The schematic diagram
of the decentralized BMS is shown in Figure 3a. On each LFP-type cell (or on each NCA
type module) of the battery packs, a local BMS module is installed, which consists of one
electronic control unit (ECU) and one passive equalizer EQU, where the ECU controls the
EQU and communicates with the central microcontroller of the BMS. Local BMS modules
send signals to the BMS control panel on a central processor or computer. Active balancing
of the cells is performed with an intelligent module with active EQUs, which is connected
to the central processor, to a smartphone, or to a computer [31]. The algorithm of the
modular BMS is designed with the main functions shown below.
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Δ

Figure 3. (a) A block diagram of the intelligent BMS. (b) The experimental setup for measuring the
internal resistance of LPF cells.

• Voltage measurement. Each ECU in the local BMS modules is shown in Figure 3a.
Circuits are used for precise voltage measurement, and they are sent through an
interface to the central microprocessor in the control panel.

• Current and state of charge (SOC) measurement. A resistive shunt measures the
current though the cells. A counter counts the charge accumulated/extracted for a
certain time interval, which is known as CC (Coulomb counting) [27,32,33]. The SOC
measured in this way is obtained by very accurately integrating the measured current
in the circuit to avoid many of the errors. The algorithm used for determining the
current to actively balance the battery packs uses Formula (1):

IB [A] = C [Ah]/t [h], (1)

where IB—balancing current; C—battery capacity; t—time for gross balancing.
As with the voltage measurement from the local modules, the current measurement

is pre-calibrated and periodically automatically corrected. The SOC is defined as the
percentage of capacity available inside the battery [15,27]. The ratio of available capacity to
maximum capacity can be expressed as the SOC, which is calculated using Formula (2):

SOC = 1 −
∫

idt
Cn

(2)

where i—the measured current depending on the gross balancing time t; Cn—the internal
capacity of the battery.

An evaluation of the SOC is carried out according to the dynamic CC method (Coulomb
counting—ΔQ) [15,32,34]. For example, if the initial state is SOC0, using 1 A current to
charge the battery for t hours, they will add I·t Ah of charge to the battery. Also, if the
battery capacity is C, then the final SOC can be calculated using Formula (3):

SOCt = SOC0 +
I · t
C

(3)

The charge level is measured by integrating the current I over time t:

ΔSOC =
ΔQ
C

=

t2∫
t1

Idt

C
(4)
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Therefore, this method calculates the SOC based on the cell current and capacity over
time t, i.e.,

SOC = f(I, t, C) (5)

Battery capacity is calculated by integrating the current flowing to or from the battery
over time (4). Although the Coulomb counting method is widely used, the error caused by
the current or time deviation of the measurements is usually cumulative and can grow to
be very large, unless there is a way to recalibrate the SOC regularly. This can be carried
out, for example, by resetting the SOC to 100% when the battery is fully charged. As seen
in the tests visualized in Figure 4b, in the charge/discharge cycle of the LFP, there is a
capacity deviation of up to 1.2 Ah in the calculated value. At a higher discharge current,
the difference is even greater. It is necessary to calculate the capacitance measurement error
according to Formula (4). An inaccurate initial time base cannot estimate the difference
between the charge/discharge capacity of the cell within a single test cycle because the
discharge/charge capacity does not equalize. LabVIEW battery current measurement
errors show a maximum error compensation of ΔI = 50 mA. The total time tdischarge to
discharge is 4 h, but the total time tcharge to charge is 4.7 h due to the decreasing current
towards the end of the charge. Pause times are subtracted from the above values because
current is not measured during pauses. The total difference in the measured capacitance
Ccalc, compensated by these errors, can now be calculated as follows:

Ccalc = 4 h × 50 mA + 4.7 h × 50 mA = 4.50 + 4.7 × 50 = 0.435Ah, (6)

Therefore, systematic measurement errors alone cannot explain this difference of
0.43 Ah between charge and discharge. Other factors, for example, differences in test
conditions such as the temperature, mechanical connections, etc., should be considered as
causes of this random error. To remove these errors in the SOC determination algorithm for
LFP-type cells, a correction factor (k = 2.8) is introduced to periodically correct the capacity
measurement. We assume that Ccalc = ±ΔCcalc k.
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Figure 4. (a) Discharge curve of a large LFP cell and a small NCA cell, (b) Charge discharge with
pause for large LFP and small NCA cell.

Furthermore, in functional tests, voltages and currents depending on the SOC are
continuously measured without pauses; periodically, the SOC is corrected with Ccalc; and
the accuracy error for SOC determination is about 2%. Similar accuracy calculations are
made with NCA-type cells where k = 1.5. For each BMS function described above, graphical
algorithms that are necessary for the system software have been developed. The integrated
current and voltage measurement signals are fed into the BMS control panel via a graphical
user interface (GUI) for processing and analysis.
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• Cell balancing. The purpose of cell balancing is to increase the battery’s performance
without overcharging or over-discharging it. Its essence is to make the SOC levels
of the cells closer to each other. In the developed smart BMS, a combined passive
and active cell balancing method is selected with a decentralized arrangement of the
modular BMS, as shown in Figure 3a. The purpose of using passive equalizers is to
achieve fast SOC equalization during charging by applying charge shunting to the
fastest charging cells until their voltages are within ±0.01 V of the normal cells’ OCV
voltage, V. Balancing with active EQUs works during battery charging and discharging
as well as in standby mode, actively transferring a current of up to 1 A from the higher
voltage cells to the lower voltage cells until the voltages equalize. Through the GUI,
modules with local passive and active EQUs signal the problems to the central BMS
module, where a decision will be made about when to start balancing with the EQU
and accurately report the state of charge (SOC) [14,16,17,35].

4. Methods for Testing Battery Systems (LESMSs)

4.1. Preliminary Tests

Preliminary tests are conducted to obtain data on the electrochemistry behavior of the
corresponding Li-ion cells during discharging and charging. The findings from these initial
tests are then used to develop qualification tests for specific purposes in the battery pack,
for example, to detect a “weak” cell, to accurately determine the SOC, to determine the
current balance of cells in battery packs, etc.
Identification of weak cells. This is determined by measuring the internal resistance.
Figure 3b shows a photo of the device, which is used to measure the resistance of prismatic
LFP cells. For the test, a pulsed current of 1.5 C is applied for a time of 2 s. Using a 2 s time
for the pulse is sufficient to allow the cell voltage to relax, but it has a negligible effect on
the SOC. In this case, the pulse current for LFP cells is 150 A, and the current for NCA cells
is 5 A, respectively. The current from the battery is measured by a Hall effect current sensor
with the current output. The ratio between the secondary current and primary current is
1:5000. Putting a resistor with the Rc value across its output and measuring its voltage,
Vcurrent, leads to Formula (7).

1
5000

= (ratio) =
Vcurrent/Rc

I
(7)

• The internal resistance of the LFP is calculated according to Formula (8) [4,36]:

Rin =
ΔVcell

I
, I = 150 A (8)

where Rc—the resistance of a resistor to form a pulsed current; ΔVcell—open-circuit cell
voltage (OCV); Vcurrent—impulse current voltage across Rc; I—impulse current thoroughout
the battery; Rin—the internal resistance of the battery. The ratio is the gain factor of the
Hall sensor used for the current measurements.

Figure 5a,b shows the results of the measured voltage drop ΔVcell for two different
LFP and NCA cells during the internal resistance test.

• Discharge characteristics of NCA and LFP cells. One fully charged LFP and NCA.

Charged cells from LFP and NCA are subjected to a continuous discharge with a
current of 0.25 C (LFP—with 25 A; NCA—with 0.85 A), where C is the battery capacity
taken from the manufacturer’s data. This discharge allows for the identification of a usable
voltage range, the SOC lookup table generation based on voltage, and the comparison to
typical discharge curves given by the manufacturer. The results are shown in Figure 4a.

• Full charge/discharge cycle with 0.25 C. Every charge cycle could be separated into
4 different phases: discharge, pauses, charging, and pauses. By applying the LabVIEW
graphical program, we can control the phase change boundary condition.
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Figure 5. (a) The pulses of the Vcell during the internal resistance test of the two LFP cells. (b) The
pulses of Vcell during the internal resistance test of the two NCA cells.

In Figure 4b, cell voltage curves during a preliminary test cycle with a 25 A
charge/discharge current with pauses of a large LFP cell and a 0.85 A charge/discharge
current of a small NCA cell are shown depending on the SOC.

Determining the SOC of LFP-type stacks. As can be seen in Figure 4b, the voltage
slope of LFP cells is very small. This fact complicates the software algorithm’s ability to
accurately determine the SOC, unlike NCA type cells, where the curve is sufficiently steep,
and the SOC is easily determined by measuring the voltage alone. Therefore, it is necessary
to test the LFP to investigate the accuracy of determining the SOC rate measured by the
capacity during the full discharge/charge cycle test according to Formula (4).

4.2. Qualification Tests

Qualification tests are designed to determine whether an LESMS consisting of a
battery pack and BMS is fit for the application. They are conducted after the mandatory
preliminary procedures and tests of the respective cells. The LESMS must be tested with a
compatible charger so that we are confident that the batteries have not been inadvertently
overcharged or damaged [21]. The technique of the qualification tests is close to the
real operating conditions because the LESMSs are tested together for compatibility with
the main components of EVs/HEVs—electric motors, a mechanical transmission, and
running wheels [21]. The dynamic tests are carried out with the mechatronic system in real
conditions (on a test site) and in busy city traffic (Figure 6a,b). The main qualification tests
are the following:

• Initial charging of the system. Only after the cells are balanced on the same volt-
age level and after checking the internal resistance and technical characteristics is it
possible to assemble them together with the BMS into a functional LESMS.

• Constant current discharge. Fully charged LESMSs undergo a constant current dis-
charge with current I~0.25 C depending on the SOC, where C is the capacity of the
LESMS—in the case for both systems, the current is, on average, about 20 A. They are
discharged to establish the characteristics of the discharge curves and the operating
zones of the systems (Figure 7a).

• Weak cell identification in LFP or weak module in NCA. With the BMS, the general
EQU operations of LFP or NCA cells can be counted, and this information can be used
to identify the weak cell (module). A weak cell always requires more EQU operations
regardless of whether it is in the process of charging or discharging. The LESMS is
only loaded to the levels of the weak cell LFP (or the weak module NCA, respectively)
to prevent overcharging and degradation.
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• Testing under a constant load. A test is carried out to verify that the LESMS can deliver
the specified power under a load when required. The load is usually representative of
the expected conditions under which the system may be used (Figure 7b).

• Testing under a dynamic load. The tests for cyclic and dynamically changing loads
are performed with the test vehicle. For simplicity in testing, no recovery is applied.
The operation of a “pure” electric car under different road conditions is simulated.
For cyclic loading, the test car’s movement on a test site with simulated stopping
and starting actions at a traffic light at a certain distance is carried out in order to
establish the suitability of the components for application in joint operation (Figure 6a).
Figure 6b presents a graph of the current and voltage under a dynamic load of LESMS
at a 50 km mileage with a maximum speed of 60 km/h in real urban conditions typical
of an urban EV/HEV.

  
(a) (b) 

Figure 6. (a) The current and voltage under cyclic discharge of the LESMS for LFP and NCA. (b) The
current and voltage of the system when using LFP and NCA under a max speed of 60 km/h.
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Figure 7. (a) Charging LESMS with constant current of 20 A. (b) Discharging LESMS with constant
current of 10 A in working voltage area.

5. Experimental Results and Discussion

5.1. The Advantages and Disadvantages of the System

Compared to standard BMSs, the new modular system provides dramatic reductions
in cost, size, and weight, all of which are critical for budget and urban EV/HEV applications.
Another advantage is that decentralized BMS modules allow the system to be applied
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to a large number of cells (over 32 cells connected in series) that are easily repaired or
replaced, unlike complex BMSs of high-voltage systems for standard EVs. A disadvantage
is the vulnerability of this BMS to moisture, dust, and short-circuiting, which is why the
entire LESMS needs to be sealed to increase durability and safety. Recently, pressurized
competitive intelligent BMSs [32] have appeared on the market, but unfortunately, they
still cannot offer the management of series-connected cells above 24 cells (24 S is up to
72 V), which is insufficient for ESBMSs for urban EV/HEV applications, where the control
of 32 cells connected in series (32 S to 96 V) is required.

5.2. Results and Discussion of Preliminary Testing

• Weak cell identification. Figure 5a shows the voltage ΔVcell of two fully charged LFP
cells, and Figure 5b shows the same ΔVcell of two fully charged NCA cells during the
internal impedance measurement according to Formulas (7) and (8). In Figure 5a, the
slower OCV relaxation is seen in one of the LFP-type cells; therefore, it has a higher
internal resistance. This cell was identified as being weaker than the normal LFP cell.
In the two tested cells of the NCA type, the ΔVcell pulses and the voltage, V, at OCV
are the same; therefore, both cells have a normal capacity (Figure 5b).

• Discharge and full charge/discharge cycle of LFP and NCA cells. Figure 5a shows
the graphs of the discharge voltage versus the SOC. The discharge graph of the small
cylindrical NCA cell type is marked with a blue line, and the discharge graph of a large
prismatic LFP cell type is constructed with a red line. The voltage difference of the
NCA cell at the end and the beginning of the working area is 0.65 V, and the voltage
difference of the LFP cell is 0.25 V. Therefore, the electrochemical characteristics of the
two cells differ. For example, estimating the state of charge in NCA-type cells becomes
much easier by measuring only the voltage at the OCV, while in LFP-type cells, due
to the small slope of the discharge curve, estimating the SOC by only measuring
the voltage is not a precise enough method. Therefore, in the SOC determination
algorithms, for LFP-type cells, it is also necessary to measure the amount of electricity
Q (CC) or apply the Kalman filter [15,27,33,35]. In Figure 4b, LFP-type and NCA-
type cell voltages are shown as a function of the SOC during the charge/discharge
process with 0.25 C current pauses. This allows for a direct comparison of the voltage
levels between charge and discharge at the same states of charge. The charging and
discharging times are stopped for a short time after every 10% change in capacity
to measure and analyze the stress relaxation at the OCV. The upper dashed curves
of the cycles represent charging (light blue for the NCA cell and brown for the LFP
cell), and the lower dashed curves (black for NCA and light red for LFP, respectively)
represent their discharge with 1 min cut-off pauses when the OCV is read. Cell voltage
measurements during the test cycle show that the cells do not reach equilibrium at
the end of the pauses if the response step has a pause of 1 min, which is very small.
Therefore, the equilibrium voltage at the OCV cannot be directly measured at this
pause. For full relaxation to the OCV level (equilibrium voltage), longer pauses are
required, especially at higher charge/discharge currents and at large LFP cell formats
(of the order of 10–15 min). This makes the test difficult and pointless because it
extends the time taken to conduct the test cycle to several days. It is necessary to
speed up the execution time of the cycle. For this purpose, the continuous averages
represent an interpolation between the voltage levels at the end of the 1 min breaks.
The blue and red solid curves in the center of the cycles are the averages of this region.
Initially, the true equilibrium is assumed to be the OCV. We assume that this approach
of estimating the OCV by calculating the average value of the voltage is accurate
enough for the charge/discharge cycle with a current in the 0.25–1 C range, where the
current most often varies in small city EV/HEV applications; therefore, the continuous
curves represent the actual discharge/charge characteristics of the respective Li-ion
battery types, and no breaks are required during the test.
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5.3. Results and Discussion on Qualification Testing

• The constant current discharge of the LESMS. Fully charged LESMS stacks are dis-
charged with a constant current of I~0.25 C—this equals 20 A, on average, for both
cells. In Figure 7a, the discharge curves of the two LESMSs are shown as a function of
the SOC. The blue line is the discharge curve of the NCA-type LESMS, and the red line
is the discharge curve of the LFP-type system. The visualization of Figure 7a makes it
possible to determine the OCV voltage operating zones of the two systems required
for the following functional tests. The operating range of the SOC should be between
15% and 90% for NCA and between 10 and 100% for LFP.

• Constant load tests. For this test, the LESMS is loaded with a constant load to verify
its use for the application. The LESMSs are charged and then discharged with a
constant current of 10 A ranging from 15% to 90% SOC. In Figure 7b, the charging
diagram of the two LESMSs is given in the operating range of 15% to 90% SOC for
a time of 10 h, as determined by the control system. The visualization shows the
higher energy efficiency and steeper curve of the LESMS based on NCA cells (the
blue line). Therefore, the NCA system was found to have a higher specific energy of
up to 260 Wh/kg, and the LFP-type system was found to have a specific energy of
90 Wh/kg [23,36].

• Cyclic load testing. Figure 6a shows the results of a few cycles with the dynamic
discharge of the system composed of LFP and NCA cells. A diagram of the changes in
the current and voltage of the two systems under cyclic loads for a certain distance
traveled (on a test site) is presented. In Figure 6b, the variations in the current and
voltage of the LFP- and NCA-type LESMSs under a load in real urban conditions at a
distance of 50 km with a maximum speed of 60 km/h are presented. The currents and
voltages are recorded directly from the motor controller via a graphical user interface
(GUI) and the LabVIEW graphical program.

As seen in the functional dynamic testing results presented in Figure 6a,b showing
the current and voltage variations at a test site and under real urban conditions with an
LFP-type LESMS and NCA-type system, it was found that the general thermal and electrical
condition of batteries, BMSs, electric motors, and controllers are normal and compatible in
different test cycles and there is no difference between them.

5.4. Comparative Analysis

• A comparison of the characteristics of the two types of LESMSs (volume, geometric
dimensions, costs, and prices of components and systems). At approximately the same
power (~8 kWh), the geometric dimensions of the LFP-type LESMS are approximately
twice the size and weight of those of the NCA-type LESMS; therefore, it has twice
the energy density and energy efficiency. The assembly costs and the cost of the
components (except for the cost of the Li-ion cells) and BMS are about the same for
both LESMSs. Recently, in view of the high current price increase for cobalt, nickel,
and manganese LFP-type cells, regardless of their lower energy efficiency and complex
SOC determination algorithm, they are also starting to be implemented in EV/NEV
applications [18,37]. Due to reasons of a modern geopolitical nature, the metals used to
manufacture NMC and NCA cells—nickel, cobalt, manganese, and aluminum—have
risen sharply in price, and from there, the prices of high-voltage battery systems
based on nickel and cobalt have risen sharply [23]. Therefore, for example, “Tesla has
announced that it is switching to LFP batteries for its standard range models such as
Model 3 and Model Y” [18,37]. The main arguments for the implementation of LFP
batteries are the availability of cheap cathode material and the competitive price [23].
Phosphate is much easier to obtain and, for now, reliably cheaper. This means that iron
phosphate LESMSs can be much cheaper than cobalt-type NMS and NCA systems
and, in addition to solar PV systems, they can successfully displace them in low-cost
and urban EV/HEV applications [18,20].
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• A comparison based on the preliminary test. It was found that there are significant
differences in the electrochemical characteristics of the tested cells, for example, the
operating area of the discharge/charge characteristic curve of the NCA-type cells
has a greater slope than the almost flat characteristic curve in the operating area
of the LFP-type cell (Figure 4a). This means that the SOC estimation of the NCA-
type cell is more accurate than that of the LFP-type cell. Correctly calculating the
remaining battery capacity is significantly more difficult with LFP cells due to their
flatter discharge/charge voltage characteristic. For this reason, it is recommended that
LFP-type cells are periodically charged to a 100% SOC so that the BMS can accurately
calculate the battery capacity by measuring the amount of electricity, Q, through the
remaining capacity, CC, rather than relying solely on the voltage measurement. For
NCA-type cells, the voltage measurement is sufficient to estimate the SOC and the
remaining capacity. From tests to determine the internal resistance of the cells, it was
found that at a 100% SOC, the normal internal resistance of the tested LFP cells was
0.39Ω, and that of the small NCA cells was 0.035Ω. NCA cells have been found to last
for 500 to 1000 full charge/discharge cycles, while LFP cells last for 2000 to 6000 full
cycles without degrading [24,29]. A disadvantage of LFP cells is their low energy
efficiency compared to NCA cells and the difficulty in determining their state of charge
(SOC). These problems can be solved during the development and implementation of
intelligent control systems with a more complex algorithm, including, in addition to
the voltage measurement, the integration of the amount of electricity (Q) through the
CC or through an algorithm based on the Kalman filter (KF) [15]. Cells with a higher
OCV voltage that reached full charge faster were also found to have higher internal
resistance or not be well balanced.

• A comparison based on real exploration tests. The voltage of a no-load current (OCV)
of an LESMS is not a reliable measure of its ability to deliver a current. As the battery
ages or degrades due to improper use, its internal resistance increases. This reduces
the ability to accept and hold a charge, but the OCV idle voltage will still show as
normal despite the reduced battery capacity. Comparing the actual internal resistance
to the internal resistance of a new battery will show any deterioration in battery
functionality; therefore, the internal resistance should be measured and compared
periodically.

The correct calculation of an LESMS’s residual capacity is significantly more difficult
with an LFP cell type due to its flatter discharge voltage–remaining charge curve. For this
reason, it is recommended that they are regularly charged to a 100% SOC so that the BMS
can calculate the remaining capacity by measuring the amount of electricity through the
CC rather than relying solely on the voltage measurement.

The SOC determination accuracy with the developed intelligent BMS in both LESMSs
is 2.5%, which is very good for EVs and good for HEVs, where an additional error is
introduced by the recuperation when the electric motor works as a generator and charges
the battery when driving at work with the internal combustion engine (ICE). This accuracy
is achieved by frequently updating the SOC value by the BMS, especially in LFP, to avoid
the accumulated error from dynamic operation in real conditions.

Fast charging may reduce the maximum capacity, but this mainly depends on the BMS
algorithm and the type of LESMS cells. In the systems tested, especially in the case of the
LESMS with LFP-type cells, fast charging to an 80% SOC in 30 min is not possible because
forced cooling is required due to the large heat release. The reason for this is that the
electrodes of LFP-type prismatic cells are embedded in a heat-insulating plastic housing,
which is difficult to cool. With the LESMS with NCA-type cylindrical cells, fast charging is
possible because one electrode (anode) is the metal body itself, which can easily be cooled
when assembled with a suitable cooling system.

• Suggestions for integration. Recently, low-voltage LESMSs with LFP-type cells, in
addition to a solar PV, can also be successfully implemented in low-budget urban
vehicles—such as rickshaws, micro EVs, or HEVs—in the conversion of vintage cars
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weighing up to 750 kg (Citroen 2CV, Renault 4, Suzuki Alto, Trabant 601, etc.). The
LESMS with an NCA type cell is recommended for mini urban EVs, and if there is a need
for fast charging from charging stations, it can be assembled with a cooling system.

6. Conclusions

The functional testing of the two LESMSs confirmed their suitability for operation in
real-world conditions, where they showed equally good operational performance.

LESMSs with cells alloyed with nickel, cobalt, manganese, and aluminum (NCA and
NMC types) are at the limits of their refinement and development. The goals of developing
LESMSs to acquire more power and achieve a lower price (the goal is to achieve a price
lower than USD 100 per kWh) will not be achieved soon. With the envisioned larger market
share of electric cars and solar PV systems, the development of NCA and NMC cells will
be blocked by environmental requirements for disposal due to the health hazards of the
materials used for their manufacture and the geopolitical reasons for the large increase in
the prices of raw materials—namely nickel, manganese, cobalt, and aluminum.

LESMSs with batteries based on iron and other phosphates (LFP type) have a great
capacity for improvement due to their environmental friendliness because they are not
made with poisonous materials that are dangerous to human health. The raw materials
used for their manufacture are widely available, and due to their mass production for solar
PV systems, their prices will continue to fall [37]. Efforts to improve systems with LFP
cells should be primarily focused on increasing their energy density and energy efficiency
through the development of innovative technologies and new designs.

The future of battery technology for electric and hybrid vehicles is aimed at achiev-
ing higher energy density, accelerated charging, extended life, and improved safety and
sustainability. This is achieved by using new materials for their production; developing
ultra-fast charging technologies that can charge batteries up to 80% in 10–15 min; using
nanomaterials to improve structural stability and extend battery life; using smart BMSs
with the implementation of machine learning and artificial intelligence algorithms for
charge and discharge optimization, condition monitoring, and problem prevention; using
decentralized BMSs containing control systems that can function autonomously for each
individual battery module; carrying out efficient recycling with the application of new
methods for the extraction and reuse of valuable metals, such as lithium, cobalt, and nickel,
and using environmentally friendly and sustainable materials in the production of batteries;
and integration with energy storage systems, including using spent batteries from EVs and
HEVs for stationary energy storage systems.

With these improvements, electric and hybrid cars will become increasingly efficient,
affordable, and environmentally friendly, contributing to the faster adoption of these
technologies and reducing the dependence on fossil fuels.
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Abbreviations

The following abbreviations are used in this manuscript:
BMS Battery management system
C Capacity of cells
CC method Coulomb counting method
ECU Electronic control unit
EV/HEV Electric vehicle/hybrid electric vehicle
GUI Graphical user interface
LFP Lithium–iron–phosphate
LESMS Lithium-ion energy storage and management system
NCA Lithium–cobalt–nickel–aluminum oxide
NMC Nickel–manganese–cobalt
NCA Nickel–cobalt–aluminum
OCV Open-circuit voltage
SOC State of charge
SOH State of health
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Abstract: This paper addresses the team orienteering problem (TOP) with vehicles equipped with
electric batteries under dynamic travel conditions influenced by weather and traffic, which impact
travel times between nodes and hence might have a critical effect on the battery capacity to cover the
planned route. The study incorporates a novel approach for solving the dynamic TOP, comparing
two solution methodologies: a merging heuristic and a reinforcement learning (RL) algorithm. The
heuristic combines routes using calculated savings and a biased-randomized strategy, while the
RL model leverages a transformer-based encoder–decoder architecture to sequentially construct
solutions. We perform computational experiments on 50 problem instances, each subjected to
200 dynamic conditions, for a total of 10,000 problems solved. The results demonstrate that while
the deterministic heuristic provides an upper bound for rewards, the RL model consistently yields
robust solutions with lower variability under dynamic conditions. However, the dynamic heuristic,
with a 20 s time limit for solving each instance, outperformed the RL model by 3.35% on average. The
study highlights the trade-offs between solution quality, computational resources, and time when
dealing with dynamic environments in the TOP.

Keywords: team orienteering problem; battery management; electric vehicle; reinforcement learning

1. Introduction

With the rise of electric vehicles (EVs) and unmanned aerial vehicles (UAVs), vehicle
routing challenges have gained new relevance in modern disaster, security, and last-mile
logistic planning [1,2]. The growing popularity of EVs has initiated a transformative shift
in the automotive, vehicle, and logistics industry, providing a sustainable alternative
to traditional internal combustion engine vehicles. EVs have the potential to reduce
transportation costs and minimize environmental impact. In logistics, EVs must navigate
complex delivery routes while managing their limited battery life and the necessity for
frequent recharging, which introduces an additional layer of complexity to routing, visiting
points, and delivering goods. Including battery constraints and charging cycles in modeling
is essential for the practical deployment of these vehicles, whether they are delivering
goods in urban areas, conducting aerial surveillance, or responding to emergencies [3]. For
instance, in urban logistics, the challenge is optimizing the delivery schedule and ensuring
that vehicles can complete their routes without interruptions. This problem becomes even
more complex when multiple vehicles have different energy requirements [4].
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In these scenarios, it is critical to optimize the coverage of regions within a limited
time frame [5]. The primary challenge lies in determining optimal paths that prioritize
the most relevant areas while considering the energy constraints of the vehicles. This
becomes particularly complex when the power infrastructure is compromised and charging
opportunities are limited [6]. These challenges can be modeled as team orienteering
problems (TOPs), where the EV fleet needs to deliver goods to specific points in the area,
starting at the depot. The TOP is a well-established combinatorial optimization problem,
extending the classical orienteering problem [7] by introducing multiple agents or vehicles.
Each team member attempts to visit candidate nodes within a prescribed time limit. Visiting
a node for the first time allows the collection of a reward, and the goal is to maximize the
overall team score. The problem is NP-hard even in its single-agent form, and it becomes
even more difficult to solve when multiple agents are involved [8]. In real-life scenarios,
these vehicles face several challenges due to dynamic conditions, such as those associated
with weather status, traffic status, and travel times [9].

In scenarios where real-time routing plans are required, the ability to continuously
re-optimize routes as new data become available is key. For example, if a traffic accident
occurs or extreme weather conditions arise, the planned routes for EVs or UAVs may
need to be adjusted on the fly. The TOP, combined with agile optimization techniques,
provides a robust framework for handling these dynamic conditions, ensuring that the
vehicles can continue to operate efficiently despite the changing environment [10]. By taking
advantage of the power of parallel computing and biased randomization techniques, agile
optimization algorithms can concisely explore a vast solution space, identifying routes that
meet immediate operational needs and optimize energy usage and overall efficiency. This
paper explores a dynamic TOP where vehicles must travel from an origin to a destination to
maximize the number of nodes visited within the constraints of battery life. The objective
is to optimize the route planning such that vehicles can collect as much reward as possible
before their batteries are depleted. Figure 1 shows a dynamic scenario where an EV must
travel from an origin to a destination, visiting as many nodes as possible within battery life
constraints. The green circles represent visited nodes, while the pink circles are non-visited
nodes. The travel time between nodes is influenced by dynamic factors such as weather
conditions and road congestion, indicated by ‘Tdynamic’ in the figure.

Figure 1. TOP with multiple vehicles considering battery constraints and variable travel times.

To address this dynamic version of the TOP with electric batteries, this paper proposes
two approaches: one based on a biased-randomized heuristic [11] and the other using
reinforcement learning (RL) [12]. The selection of reinforcement learning is primarily
due to its possible suitability for dynamic problems like the TOP, where travel times
fluctuate. RL allows the solving agent to adaptively learn and optimize routes under
these changing conditions, potentially improving solution adaptability and quality over
deterministic methods. Moreover, one of the paper’s main objectives was to evaluate the
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performance of RL in comparison to more established approaches. The heuristic provides
a solution by optimizing routes based on predefined rules, while the neural network in
the RL approach is trained separately to learn and refine decisions in response to dynamic
conditions. Both methods are independently tested and compared in terms of their ability
to adapt to changes such as varying battery levels and travel conditions. Hence, the
main contribution of this paper is the development and comparison of two approaches,
heuristic-based and RL-based, for solving a TOP involving EVs with dynamic rewards.
This dual approach allows us to evaluate the strengths and weaknesses of each method
in making adaptive decisions in a rapidly changing environment. The remainder of this
paper is structured as follows: Section 2 offers an analysis of the different EV categories,
their integration into existing transportation systems, current advancements in the field, as
well as factors influencing battery performance, including capacity, materials, and charging
times. Section 3 summarizes the related work on algorithms designed for solving TOPs.
Section 4 formally defines the specific problem. Section 5 presents the dataset used for
the study. Section 6 outlines the simulation experiments and the RL algorithm applied.
Section 7 details and interprets our computational findings. Finally, Section 8 concludes
with a summary of the main findings and recommendations for future research.

2. Sustainable Logistics and EVs

Sustainable transportation has been included in the United Nations Sustainable
Development Goal 11 (https://sdgs.un.org/topics/sustainable-transport, accessed on
29 September 2024). The transportation sector influences society development through
its economic, social, and environmental impacts [13]. Additionally, it contributes heav-
ily to gas emissions and fuel consumption. According to data collected by the Euro-
pean Commission (https://ec.europa.eu/eurostat/web/main/data/database, accessed
on 29 September 2024), the transportation sector consumed around 31% of the total en-
ergy consumed in 2022 in the European countries, while the industry sector consumed
around 25% in the same year. The transportation sector released 23% of energy-related
emissions in 2019 [14]. In recent decades, sustainable transportation has become a topic
for researchers investigating logistics and chain management, new fuels and vehicles,
public transportation improvements, and sustainable transport alternatives [13]. These
research efforts aim to optimize energy consumption in transportation and reduce gas
emissions. As a result, a variety of concepts have been defined, such as ride-sharing and
car-sharing, and new transportation options have been introduced to the market. EVs
form one of these options aiming to reduce gas emissions as well as noise in cities [15]. In
these vehicles, the conventional internal combustion engine is replaced by another one
utilizing electricity from a rechargeable battery to drive the vehicle [16]. EVs are pictured as
innovative symbols for decarbonizing transportation with new business opportunities and
models [17]. The introduction of EVs improves air quality in terms of reducing greenhouse
gas emissions and decreasing operation costs [16]. Hence, a sustainable urban environment
is being developed in cities.

Several EVs types are found in the market: hybrid electric vehicles (HEVs), plug-in
hybrid electric vehicles (PHEVs), battery electric vehicles (BEVs), and fuel cell electric
vehicles (FCEVs). Multiple energy generation and conversion technologies are utilized
in HEVs [18]. HEVs use an internal combustion engine or an electrical motor to drive the
vehicle depending on the driving condition regulated by a control system. The coupling
configuration of the internal combustion engine and the electric motor could be series,
parallel, or series–parallel, as illustrated by Cao et al. [19]. Batteries in these vehicles
are utilized to store electricity used to drive the electric motors. Real-time optimization
methods are utilized to control the energy flow, including charging and discharging of
the batteries. The greatest challenge in this type of EVs is the management of multiple
energy sources [18]. Another type of hybrid electric vehicle is the PHEV. Similar to HEVs,
PHEVs combine internal combustion engine and an electrical motor. Batteries in PHEVs
might not only be charged during the drive, but they can be charged directly from the grid
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network [20]. BEVs utilize only electricity to drive the vehicle motor (electrical motor) [21],
and the battery increases both vehicle weight and price. The driving range of BEVs depends
on their batteries, which forms one of the main challenges compared to other EVs [18]. In
contrast to BEVs, FCEVs have powerful input and long driving range [22]. FCEVs are EVs
fueled by hydrogen that is used to generate the electricity [23]. Thus, FCEVs are supplied
with hydrogen fuel tank that forms one of the challenges associated with this vehicle type
(safety concerns). According to Pramuanjaroenkij and Kakaç [23], fuel cell technology is
the future of transportation, with many ongoing studies.

Batteries in EVs vary in their technology, resulting in different charging speeds, driv-
ing range, and safety issues. The first kind of batteries are lead–acid batteries [16,18],
consisting of a lead electrode and electrolyte. They have low gravimetric energy den-
sity (30–50 Wh/kg) and can be used for small vehicles [18]. Later, nickel-based batteries
were invented [16,18], with a higher gravimetric energy density, e.g., 60–80 Wh/kg for
a nickel–cadmium battery and around 140 Wh/kg for a nickel–hydrogen battery. In ad-
dition, this type of battery has a long life cycle and can be recharged many times. Many
HEVs are supplied with nickel-based batteries. Lithium-ion batteries were invented in
the second half of the last century [18] and are used in energy storage systems. They are
characterized by a high gravimetric energy density (118–250 Wh/kg) and longer battery
life. Different lithium-ion batteries types are found in the market [24]. Additionally, these
batteries types varies in their cost and charging time. Various safety design guidelines
for high-energy-density batteries have been explored [25]. Advances in battery chemistry,
recycling, charging infrastructure, and cost reduction are continuous. The research con-
cerning battery chemistry reflects the invention of various battery types. Since some types
of EVs are being charged with electricity, charging infrastructure have been studied [16].
The location of charging outlets has become an issue for drivers using EVs. Related to
this issue, recharging speed is another ambiguous aspect. The charging speed depends
on the battery type, e.g., lithium-ion batteries are recharged relatively quickly. Another
approach is replacing batteries in station instead of recharging them [26]. This approach
demands that the issues presented by battery interchangeability, brand compatibility, and
battery ownership be resolved, which will not be an easy task. Despite these challenges, the
exchange of batteries provides a solution for long charging times and the need to upgrade
household installations to adapt to fast charging. EVs are characterized by their driving
range, which depends upon driving behavior, battery type [18], as well as the surrounding
environment defined by the weather conditions, infrastructure, and traffic [27,28]. In this
context, the state of charge indicates the maximum driving range according to the charge
level of the batteries.

The use of EVs raises significant issues related to power distribution grid, environment,
and safety. In the pursuit of sustainable development, optimization of battery operation
and safety were investigated [29]. The charging of batteries in PHEVs and BEVs causes
increased power demand and voltage drops [30]. Innovative approaches target supporting
the power distribution grid, such as vehicle-to-grid technology. In these approaches, EVs
discharge power saved in their batteries to the grid [31]. Concerning the environment,
batteries consist of toxic materials and require proper disposal procedures. Additionally,
thermal runaways are a concern that might lead to fires or explosions. Heating and cooling
techniques for batteries were also studied [24]. Thermal management systems for batteries
are crucial for controlling heating and cooling performance and the stability of batteries.

3. Related Work on Team Orienteering Problems

Traditional approaches to solve TOPs have primarily focused on deterministic and
stochastic versions that assume that the environment is either entirely predictable or
subject to random variations. However, real-world applications often involve dynamic
changes, such as fluctuating weather conditions, varying traffic congestion, and evolving
battery status, particularly relevant in the context of EVs [32]. These factors complicate the
decision-making process, making it necessary to incorporate real-time data and adaptive
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algorithms into the solution methodology [33]. Recent research has explored various
methodologies to optimize vehicle routing in dynamic and stochastic environments. For
instance, recent studies have demonstrated the effectiveness of RL in navigating dynamic
orienteering challenges, showing that RL-based approaches can outperform traditional
heuristic methods in uncertain scenarios [34,35]. To address the complexity of dynamic
TOPs, Panadero et al. [36] have investigated the use of RL combined with simheuristics
to tackle dynamic and stochastic TOP scenarios, where variables such as battery life and
travel times are unpredictable. Other studies have explored the use of deep reinforcement
learning (DRL) for multi-vehicle TOP scenarios, demonstrating how DRL can adapt to real-
time changes in operational environments [37]. Additionally, some studies have applied
RL in a multi-stage TOP, emphasizing scenarios where both rewards and constraints
evolve over time and offering insights into long-term planning and decision-making
under uncertainty [38].

The dynamic TOP becomes particularly challenging when applied to EVs, which
face constraints such as battery life and charging station availability. Effective routing
in this context must take these dynamic factors into account to optimize both the travel
route and the battery management system (BMS). Studies have highlighted the importance
of advanced BMS to improve EV performance and longevity [39,40]. Further research
has demonstrated the application of RL in this area, showing how RL can optimize load
node selection and route planning under dynamic conditions [41]. Despite significant
advances, challenges remain in fully addressing the dynamic TOP using RL. The high
computational complexity of these problems, together with the difficulty of obtaining
high-quality solutions in short computing times—especially under dynamic and stochastic
conditions—continues to drive research toward more efficient algorithms [42].

4. Modeling the TOP with Dynamic Travel Times

The TOP is a classical NP-hard problem where a set of nodes and vehicles are given,
and the main goal is to maximize the sum of the reward collected from visiting each node.
A maximum travel time is allowed for each vehicle, which means that not all nodes can be
visited. This travel time can be limited by various factors, such as the battery capacity of
EVs. Moreover, each vehicle has to exit from the initial depot and end its route at the final
one. In a formal way, let G = (N, E) be a directed graph, where N = {1, 2, . . . , n} ∪ {o, d}
represents the set of nodes, with o and d denoting the origin and destination depots,
respectively. The set of directed edges is given by E = {(i, j) | i, j ∈ N}, which represents
the possible paths between nodes. Each node i ∈ N has an associated reward ri for visiting
that node, with the rewards at the origin and destination depots, ro and rd, set to zero. Let
V be the set of all vehicles. A binary decision variable, xijv, takes the value of 1 if vehicle v
travels from node i to node j and 0 otherwise. Then, the mathematical model for TOP with
dynamic travel times is formulated as follows:

max ∑
v∈V

∑
i,j∈N

xijvrj (1)

Equation (1) defines the objective function, which aims to maximize the total reward
collected from the visited nodes. The following constraints apply:

∑
j∈N

xojv ≤ 1 ∀v ∈ V (2)

∑
i∈N

xidv = ∑
j∈N

xojv ∀v ∈ V (3)

xijv ≤ ∑
j∈N

xojv ∀v ∈ V (4)

∑
i∈N

xiov + ∑
j∈N

xdjv = 0 ∀v ∈ V (5)
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Equation (2) ensures that a vehicle departs the origin at most once. Equations (2) and (3)
state that if a vehicle departs from the origin depot, it must eventually arrive at the desti-
nation depot. Meanwhile, Equation (4) ensures that a vehicle can visit other nodes only if
it leaves the origin depot, and Equation (5) enforces that no vehicle can revisit the origin
depot or depart from the destination depot, ensuring that the route starts at the origin and
ends at the destination. Additional constraints are described next:

∑
v∈V

∑
i∈N

xijv ≤ 1 ∀j ∈ N \ {d} (6)

∑
i∈N

xijv = ∑
i∈N

xjiv ∀j ∈ N \ {o, d}, v ∈ V (7)

yiv − yjv + 1 ≤ (1 − xijv)|N| ∀i, j ∈ N, v ∈ V (8)

Equation (6) ensures that each node is visited at most once, while Equation (7) states
that if a vehicle arrives at a node, it must also depart from that node. Moreover, in
Equation (8) the variables yiv are introduced, which represent the order of the node i in the
route of vehicle v. This restriction ensures that there are no subtours. A last set of equations
is introduced next:

∑
i,j∈N

xijv f (i, j) ≤ L ∀v ∈ V (9)

yiv ≥ 0, ∀i ∈ N, v ∈ V (10)

xijv ∈ {0, 1} ∀i, j ∈ N, v ∈ V (11)

Equation (9) ensures that the travel time for each vehicle does not exceed the max-
imum allowable travel time L. Here, f (i, j) represents the travel time between nodes
i and j, which is dynamic and varies according to the specific conditions of the edge.
Equations (10) and (11) enforce the nature of the variables.

5. A Numerical Case Study

Consider a TOP with dynamic travel times, which are influenced by weather and
traffic conditions. The positions of the nodes are known, as are the deterministic travel
times. Since this is a case study, we are supposing that these travel times can increase by up
to 12.5%, depending on the dynamic conditions between each pair of nodes. For illustrative
purposes, let us assume that the travel time can be modeled using a linear regression. In
practical applications, actual travel data could indeed be leveraged to provide more precise
predictions. However, implementing such a model was beyond the scope of this study,
which focused on evaluating the two different methods: heuristics and RL models. The
weather and traffic values range from 0 to 1, depending on their influence on the travel
time increase. Hence, we will assume that the ‘real’ travel time between nodes i and j is
given by f (i, j):

f (i, j) = tij(1 + wij · 0.0625 + hij · 0.0625)

In this case, tij represents the deterministic travel time between nodes i and j, wij
represents the weather conditions, and hij represents the traffic conditions between the pair
of nodes. A value of 0 indicates favorable weather or traffic conditions, while 1 represents
the worst conditions. It is assumed that weather and traffic conditions contribute equally to
the travel time increase (each with the coefficient 0.0625). Each node has a reward that also
varies between 0 and 1, and the x and y coordinates of each node are randomly generated
within the range [0, 1]. Additionally, the maximum travel time allowed for each vehicle
is randomly generated, but the minimum allowed travel time is set to be 1.125 times the
travel time between the two depots. This function, f , is used solely for calculating travel
times and can be more complex to better reflect real-world conditions. However, the exact
nature of this function remains unknown to the solving algorithm. In this study, 50 different
problem instances have been defined. These problem instances differ in node location
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(x and y coordinates), vehicle maximum travel time, and node rewards. A total of 20 nodes
are found in each instance, and these nodes can be visited by one of two vehicles to collect
rewards from them. Likewise, the dynamic conditions (weather and traffic) have been
varied 200 times for each instance. It is important to recall that each problem instance
is defined by a specific set of nodes, rewards, and depot locations, and then it is solved
200 times, each one under different dynamic conditions (which means different travel
times between node pairs due to changing factors). The reported reward for each instance
represents the average reward collected across these 200 different dynamic condition.

6. Solving Approaches

The heuristic approach is inspired by the method proposed by Panadero et al. [8]. It
is a merging heuristic, where an initial dummy solution is created, consisting of simple
routes from the origin depot to a node and then to the destination depot, and routes are
then combined based on calculated savings. The savings si,j for each pair of nodes i and j
are computed as follows:

si,j = α(c0,j + ci,n+1 − ci,j) + (1 − α)(ri + rj) (12)

In this equation, c0,j represents the travel cost from the initial depot to node j, ci,n+1
represents the cost of traveling from node i to the destination depot, and ci,j represents the
travel cost between nodes i and j. Additionally, ri and rj denote the rewards associated
with nodes i and j, respectively. The merging process incorporates a biased-randomized
strategy [11], meaning that merges are not performed in a purely greedy way, but rather
in a randomized manner that aligns with the heuristic’s logic. Specifically, a geometric
distribution is applied for the biased-randomization, with a parameter β that varies ran-
domly between 0.1 and 0.3. This heuristic, in conjunction with the methodology shown in
Figure 2, is used to solve the dynamic TOP.

Figure 2. Schema of the heuristic utilized to solve the TOP.

Since the heuristic is randomized, a maximum time limit is set for solving each instance.
The routes are merged based on their savings; instead of always choosing the best merge, it
is performed in a randomized way. The merges are stored in a list and sorted based on their
savings, and a probability is assigned to each one of them following a geometric distribution
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with parameter β. This parameter varies between 0.1 and 0.3, as we found it provides the
best solutions. Then, the routes are chosen based on that probability and merged. This
allows the algorithm to find better solutions as it tries to escape local optima. With sufficient
remaining time, the heuristic addresses the deterministic problem in a biased-randomized
manner. If the resulting solution is promising, it is deterministically simulated several
times across various dynamic environments. This component simulates dynamic elements
such as traffic and weather conditions, which impact travel times, to test the robustness of
the solution given by the heuristic. If the solution becomes infeasible under the dynamic
conditions, its reward is set to zero. Otherwise, the solution and its associated mean
reward are stored in a solution list. If the result is not promising or the short deterministic
simulation is finished, the process continues iteratively until the maximum allowed time is
reached. Once it is reached, the top 10 solutions from the solution list are tested in dynamic
environments with a higher number of deterministic simulations. The final solution is
selected from this elite group based on which performs best during these extensive tests.

The RL method, however, takes a different approach. It is built on the transformer
architecture introduced by Vaswani [43], which has recently gained significant attention
for solving NP-hard problems. The method follows an encoder-decoder structure, where
the encoder processes variable-length input data and the decoder generates the solution.
Regarding the choice of a transformer-based encoder-decoder architecture, this architecture
was chosen for its ability to process input data with variable sequence lengths, making it
particularly well-suited to problems like the TOP, where each problem instance can contain
a different number of nodes. For a more detailed explanation, refer to Berto et al. [44],
which presents state-of-the-art benchmarks, ideas, and techniques for modeling NP-hard
problems such as the TOP using RL. In this case, the RL algorithm follows a constructive
approach, and the flowchart of its process is shown in Figure 3.

Figure 3. Schema of the RL algorithm.

First, the problem data (the position and reward of each node) are loaded into the
algorithm. These data are then embedded using a linear network, with the resulting
outputs passed to the encoder, which follows the architecture of the transformer encoder.
The solution is constructed sequentially, route by route, and node by node. To determine
the next node to visit, the algorithm updates the current state of the problem—such as
the vehicle’s location, the nodes available for visitation, and the current battery level.
This updated state, which includes information about the graph, the vehicle’s current
position, the nodes already visited, and the remaining battery capacity, serves as the context
provided to the model. Based on this context, the model decides which node to visit next.
This process continues until the vehicle reaches the destination depot, at which point the
algorithm moves on to the next route, repeating the process until all routes are completed.
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For training this algorithm, the reward maximization serves as the objective function,
guiding the agent’s learning process to prioritize routes that provide the highest possible
reward while respecting the maximum travel time. Notice that the solution generated by
the RL algorithm is represented as a permutation π = (π1, π2, . . .) of a subset of nodes,
where the final depot can be visited more than once, but not all nodes are required to be
included in the route. Policy-gradient methods learn the policy through gradient-based
optimization techniques. In this framework, a stochastic policy p(π|s) is defined to select
a solution π based on a given problem s. This policy is factorized and parameterized by
θ as follows:

pθ(π|s) =
N

∏
t=1

pθ(πt|s, π1:t−1) (13)

For training the model’s policy, Williams [45] introduced a policy gradient estimator
using Monte Carlo sampling, under the assumption that rewards are independent of θ.
This approach is known as the REINFORCE algorithm:

∇θL(θ|s) = Epθ(π|s)[R(π)∇θ log pθ(π|s)] (14)

However, a significant drawback of this method is its high variance, which can make
model training less efficient and more unstable. To mitigate this issue, a baseline value
b(s) is incorporated into Equation (14), reducing variance and thereby improving training
stability and overall performance:

∇θL(θ|s) = Epθ(π|s)[(R(π)− b(s))∇θ log pθ(π|s)] (15)

The baseline used in our case is the one proposed by Lee and Ahn [38], where problem
instances and their equivalent variations, generated through augmentations, are utilized to
improve the model’s ability to generalize more effectively. The training phase is divided
into epochs, with each epoch consisting of 2000 training steps and a batch size of 256. At
the end of each epoch, the model is evaluated on 100,000 randomly generated instances
to assess its performance, and if the mean reward from the validation set exceeds that of
the current best model, a t-test with α = 0.05 is performed to confirm if the new model is
statistically superior. If the new model is found to be better, it is saved and used as the new
baseline. The goal of the training process is for the model to continually compete against
its best previous version. For the training hyperparameters, a learning rate of 5 × 10−5

was used, along with the Adam optimizer [46]. Although we experimented with higher
learning rate values, the model either failed to converge or did not behave as expected
during training. The training was executed on a workstation equipped with 32 GB of RAM
and an NVIDIA 4060 GPU.

7. Computational Experiments

This section illustrates the experiment results after testing the algorithm described
in Section 6. According to Section 5, 50 problem instances are solved, and 200 different
dynamic conditions form problems for each instance, resulting in total 10,000 problems
solved. The heuristic used to solve the TOP was allocated 2 s and 20 s for each instance to
achieve the best result. This means that the heuristic solves each instance during 2 and 20 s,
respectively. Since the heuristic is randomized, this ensures that a broader set of solutions
is obtained, of which the best is returned. Those running times were chosen to show how
the solution improves when letting the heuristic run for more time; moreover, the RL
method takes about 0.5 s to obtain the solution, meaning that it is possible to compare
computational efficiency between different solving methods. Allowing more than 20 s
for the heuristic was also tested, but it did not improve performance. Additionally, the
deterministic version was also solved to evaluate the impact of incorporating dynamic
conditions. This version of the heuristic also runs for 2 s before returning the solution.
A reward of 0 is given when the solution under dynamic conditions becomes infeasible.
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Four different experiments have been run: ‘deterministic’ refers to the heuristic under
deterministic conditions; ‘dynamic heu. (20 s)’ indicates the heuristic solving the problems
under dynamic conditions with a time limit of 20 s for each instance; ‘dynamic heu. (2 s)’
refers the heuristic under dynamic conditions and solving the problems within 2 s; and
‘dynamic RL’ refers to using RL to solve the problems under dynamic conditions. Notice that
the deterministic heuristic approach is applied to a static version of the problem, whereas
both the dynamic heuristic and the RL model solve the problem under dynamic conditions.
Therefore, it is expected that the deterministic heuristic provides higher rewards, as it does
not have to adjust to the uncertainties present in the dynamic scenario. We included the
deterministic results intentionally to serve as a benchmark, helping to illustrate the impact
that dynamic elements have on overall performance. Both the dynamic heuristic and the RL
approach attempt to solve the problem without full knowledge of the dynamic conditions,
which can vary significantly in real-world scenarios, especially when travel times are high
enough. While better results could be achieved, this would require an estimation of the
dynamic conditions beforehand.

The 50 problem instances are generated randomly: both the position of the nodes and
their reward, as well as the maximum travel time allowed for each vehicle. Figure 4 shows
the results obtained after running the four experiments. It is observed that the highest
reward was collected by vehicles in the deterministic experiment. Both the mean and the
median are the highest in this experiment compared to the other three experiments. By
taking a closer look at the experiments under dynamic conditions, it is clear that the mean
of the collected rewards in the dynamic RL and dynamic heu. (20 s) experiments are close
and greater than those collected in dynamic heu. (2 s). The median of rewards collected
in the dynamic RL experiment is the greatest. Additionally, lower variability of collected
reward values is noticed in the dynamic RL experiment. This variability can be presented
by the inter-quartile distance in Figure 4. The lower variability indicates greater solution
reliability and ability to find consistent solutions. The greater variability in solutions found
by the heuristic indicates the difficulty in finding reliable solutions.

Figure 4. Distribution of results obtained in the defined four experiments.

A deeper investigation of the result is presented in Table 1. Table 1 compare between
the four experiments by recording the mean of found solutions per a problem instance. The
average collected reward for 21 problem instances out of the 50 instances are tabulated.
These means are related to the 200 different defined dynamic condition combinations
in a problem instance. Similar to the observation in Figure 4, the dynamic heu. (20 s)
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experiments showed clearly better performance due to the greater exploration time com-
pared to dynamic heu. (2 s). On average, it outperformed the dynamic RL experiment by
3.35%. Those 21 problem instances presented in Table 1 were chosen randomly from the
50 instances solved. The main goal is to show how the heuristic and RL model behave in
different scenarios.

Table 1. Comparison of mean results for each problem across four solution approaches: the de-
terministic heuristic, the dynamic heuristic using 20 s, the dynamic heuristic using 2 s, and the
RL model.

Problem Deterministic Dynamic Heu. (20 s) Dynamic Heu. (2 s) Dynamic RL

0 4.2553 3.1504 2.1379 3.5322

1 8.7905 8.1820 4.6382 5.4216

2 4.0850 2.6747 1.8263 2.8274

3 6.4999 6.3844 3.2809 4.8508

4 8.3060 6.5841 6.4133 6.4047

5 5.8537 3.8344 3.7612 3.1818

6 9.0080 9.0080 9.0080 7.7950

7 11.1873 10.7949 10.7949 8.4732

8 6.6231 5.1850 5.1850 4.9351

9 4.7175 2.0463 2.0240 3.4620

10 9.2883 5.3923 0.0000 6.1189

11 6.6812 0.0694 0.1005 3.8277

12 5.3447 3.1942 3.1942 3.3079

13 8.8668 8.8668 8.8668 7.1570

14 2.7068 1.5510 1.5510 2.0699

15 5.3801 5.0151 5.0151 4.3966

16 7.0243 3.3182 3.2398 4.1747

17 4.0835 2.4231 2.4231 2.9224

18 5.8006 2.0723 2.0723 3.8718

19 7.7680 4.4660 3.0630 5.0875

20 4.7668 4.4149 3.5105 3.9444
...

...
...

...
...

Avg 7.1393 5.2400 4.6513 5.0700

The solution found for the deterministic version of the problem instances is considered
as the upper bound. With introduced dynamic conditions, the vehicle travel time increases
and reduces the possibility to collect all rewards as in the deterministic version of the
problem. Depending on the severity of the weather and traffic conditions, the collected
rewards are affected and reduced accordingly. In some problem instances, such as instance
6 and 13 in Table 1, the heuristic was successful in finding the greatest reward under the
dynamic conditions, while the RL model was not able to find. In other instances, such as
instances 1 and 9, the RL model was successful in solutions with rewards greater than those
found by the heuristic under the dynamic conditions. In Figure 5, the training validation
reward of the RL model is illustrated. As expected, the model shows a rapid improvement
during the initial epochs. However, the rate of improvement significantly decreases in later
epochs. The red dots show the epochs when the model improves, at which point the new
baseline is saved.
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Figure 5. Validation reward at each epoch in the training phase.

It is also important to highlight the time required to train the model. In this case,
training for 200 epochs took approximately 16 h. Additionally, a significant amount
of training data is needed, which can be challenging to generate, particularly for more
complex problems that simulate intricate real-world conditions and are hard to validate.
The scalability of the RL model also requires attention, as varying the number of nodes
from those used during training may result in sub-optimal performance. According to the
results, the training of the RL model is challenging and demands resources. Once the RL
model is trained, it provides promising and reliable solutions. The solution reliability is
presented by the lower variability compared to the other approaches (Figure 4).

8. Conclusions

This paper presents a dual approach to solve the dynamic TOP with EVs, constrained
by battery driving range and impacted by real-time dynamic conditions. To address this
challenge, we propose two independent methodologies: a heuristic-based approach for
rapid solution generation and a reinforcement learning approach for adaptive decision-
making. By applying these distinct methods, we are able to explore the strengths and
weaknesses of each in scenarios where dynamic factors like road congestion, battery status,
and travel times fluctuate continuously.

The heuristic approach efficiently produces initial solutions, particularly in relatively
stable environments, providing a fast and practical option for route planning. In contrast,
the reinforcement learning approach excels in more dynamic environments, learning to
adapt decisions as conditions evolve, and consistently achieving higher-quality solutions
by optimizing both the number of nodes visited and energy efficiency. The computational
experiments reveal that while the heuristic approach performs well under deterministic
conditions, it might lack the flexibility needed to adapt in highly variable scenarios. The
reinforcement learning approach, however, demonstrates its capacity to incorporate dy-
namic elements, offering robust and reliable solutions even under significant uncertainty.
Although RL experiment showed a great performance in this study in solving the TOP, the
training of the RL model is computationally demanding.

In this study, the RL approach is used to solve TOP as an example of a last-mile
delivery problem, involving dynamic components. The dynamic travel time represents
one of real-time aspects encountered in optimization problems in addition to stochastic
uncertainty. The RL approach showed the ability to handle the dynamic conditions and
recommended solutions after training the RL model to handle such problems. Similar
applications could be found in other last-mile delivery problems, especially those reflecting
real-time and real-world problems.
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Our future work will focus on introducing uncertainty along with the dynamic con-
ditions to the TOP problem, especially in regard to battery management and duration.
Additionally, investigating approaches for speeding up training of the reinforcement learn-
ing model is also a line to consider. The scalability of the solving approach is an issue to
further investigate and evaluate in future works. In real-life problems, the batteries life
variability is one of aspects to be considered. Accordingly, the future work can expand the
problem definition and consider batteries life as well.
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HEV hybrid electric vehicle
PHEV plug-in hybrid electric vehicle
RL reinforcement learning
UAV unmanned aerial vehicle
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Abstract: In this paper, the deconvolution of Electrochemical Impedance Spectroscopy (EIS)
data into the Distribution of Relaxation Times (DRTs) is employed to provide a detailed
examination of degradation mechanisms in lithium-ion batteries. Using an nth RC model
with Gaussian functions, this study achieves enhanced separation of overlapping electro-
chemical processes where Gaussian functions yield smoother transitions and clearer peak
identification than conventional piecewise linear functions. The advantages of employing
Tikhonov Regularization (TR) with Gaussian functions over Maximum Entropy (ME) and
FFT methods are highlighted as this approach provides superior noise resilience, unbiased
analysis, and enhanced resolution of critical features. This approach is applied to LIB
cell data to identify characteristic peaks of the DRT plot and evaluate their correlation
with battery degradation. By observing how these peaks evolve through cycles of battery
aging, insights into specific aging mechanisms and performance decline are obtained. This
study combines experimental measurements with DRT peak analysis to characterize the
impedance distribution within LIBs which enables accelerated detection of degradation
pathways and enhances the predictive accuracy for battery life and reliability. This analysis
contributes to a refined understanding of LIB degradation behavior, supporting the devel-
opment of advanced battery management systems designed to improve safety, optimize
battery performance, and extend the operational lifespan of LIBs for various applications.

Keywords: distribution of relaxation time; electrochemical impedance spectroscopy;
degradation mechanism; solid electrolyte interface; loss of active material; loss of
lithium ion

1. Introduction

The widespread adoption of electric vehicles (EVs) has driven extensive research into
lithium-ion batteries (LIBs), which serve as the primary power source for these vehicles.
Battery degradation is a focal point in this research due to its significant implications.
As LIBs age, capacity degradation and increased internal resistance diminish both the
driving range and power capacity of EVs, leading to suboptimal driving experiences [1,2].
Additionally, various side reactions occur within LIBs during aging, causing internal
structural damage and raising the risk of thermal runaway, ultimately resulting in potential
safety hazards [3,4]. Understanding the aging mechanisms and degradation models is
crucial for estimating battery health based on historical data, optimizing current operating
conditions, and predicting future performance.

Battery aging analysis encompasses various levels of investigation, including fac-
tors influencing degradation, internal side reactions, degradation modes, and external
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effects [5,6]. The most intuitive external characteristics of battery degradation are capacity
fade and power fades [7,8]. At present, most papers still focus on these two points to
conduct battery aging investigations and modeling. It should be noted that power fade
is usually more difficult to investigate, so internal resistance is often analyzed instead [9].
Regarding degradation modes, battery aging mechanisms are often categorized as Loss of
Lithium Ion (LLI) and loss of anode/cathode active materials for battery management and
online diagnosis [10,11]. The charging and discharging processes of batteries are closely
tied to lithium-ion intercalation and deintercalation on the active materials of the anode
and cathode [12–14]. Consequently, battery capacity is directly influenced by the quantity
of active materials and the availability of lithium ions, similar to how the capacity of a tank
depends on its size and the amount of water it can hold. The primary degradation mecha-
nisms of LIBs involve the loss of anode/cathode active materials and the LLI, analogous to
water loss from the tank [15]. Additionally, the loss of electrolytes, including additives, is
significant, with excessive loss potentially leading to capacity decline as batteries age.

Electrochemical Impedance Spectroscopy (EIS) is a valuable tool for studying mate-
rial behavior over time, such as in corrosion, supercapacitors, and fuel cells [16–18]. EIS
enables separate and sensitive analysis of each electrochemical reaction process without
causing disruptions or damage [19]. EIS spectra offer valuable insights into LIB degra-
dation [20]. However, analyzing EIS typically involves complex non-linear least squares
fitting, which relies on the Equivalent Circuit Model (ECM). Finding suitable circuits for
complex electrochemical phenomena poses challenges. Researchers are actively seeking
alternative approaches to interpret EIS data. One promising method is the Distribution of
Relaxation Time (DRT), which transforms data from the frequency (f) domain to the time
(τ) domain. DRTs reveal peaks on either the time or frequency axis, indicating underlying
electrochemical processes. The key advantage of DRTs is their model-free representation,
requiring minimal system information. Various methods, such as Tikhonov Regularization
(TR) [21,22], Maximum Entropy (ME) [23], and Fast Fourier Transform (FFT) [24,25], have
been employed to convert impedance data to DRT. TR, for instance, involves adjusting
regularization parameters for accurate DRTs, although different values can result in varying
peak numbers, potentially obscuring true electrochemical phenomena. Despite this, TR
does not require smoothing parameters or window functions, simplifying its application.

This research aims to enhance the analysis of the DRT for effectively separating
overlapping time scales in EIS and providing clearer graphical interpretations [26,27].
Previous studies have primarily focused on capacity fade and impedance growth, but they
often lack a sufficient analysis of DRT evolution in relation to cyclic aging and degradation
mechanisms [28,29]. By utilizing an nth RC model with Gaussian functions, this study offers
a detailed investigation into the behavior of characteristic DRT peaks and their correlation
with battery aging. This approach fills gaps in existing methodologies, providing a more
precise understanding of LIB degradation pathways and contributing to the development
of advanced strategies for optimizing battery performance and management [30]. By
directly correlating DRT peaks with specific battery degradation mechanisms, it offers
novel insights into aging phenomena like SEI growth and electrode degradation. Practical
validation with 18650 NMC lithium-ion batteries highlights its relevance for real-world
battery diagnostics and performance monitoring.

The structure of this paper is as follows: Section 2 explains the application of the
DRT method in interpreting EIS data, followed by a detailed explanation of deriving
the DRT methods. The formulation of DRT equations based on Gaussian functions and
regularization for the nth-order RC model is presented. Section 3 covers the acquisition
of EIS data from experimental measurements, including frequency, real, and imaginary
impedance components. Section 4 examines the correlation between the EIS Nyquist plot
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and the DRT plot, along with the interpretation of each peak in the DRT plots. It also
explores the evolution of the EIS spectrum and DRT plots using data from 18650 batteries.
The analysis highlights the identification of aging and degradation mechanisms by focusing
on frequency-specific peaks in the DRT plots, particularly in the intermediate and low-
frequency regions. The concluding section synthesizes the findings, summarizing insights
and proposing future research directions.

2. Transformation of EIS Data into Distribution of Relaxation Time

2.1. Workflow of DRT Method

The analysis of the DRT method is structured into three main components, data
preprocessing, discretization functions, and DRT calculation, as illustrated in Figure 1.
Initially, EIS data Z(ω) is obtained through periodic checkup tests, which will be elaborated
upon in Section 3. The data Z(ω) is classified based on the characteristics of its components.
Following this categorization, the DRT of the electrochemical system is obtained through
deconvolution. An integral aspect of this process involves discretizing the electrochemical
impedance into a linear superposition function G(τ) using the weight function X(m) and
the radial base function.

Figure 1. Flowchart of DRT calculation for measured EIS data.

It is important to note the inherent challenge posed by this process, requiring the
regularization method to address the ill-posed nature of finding Φ(x). By employing
ridge regression regularization, the weight function X(m) is determined through quadratic
programming to minimize the objective function, which represents the system matrix prior
to optimization. Furthermore, the selection of the radial base function plays a critical role in
minimizing approximation errors, as it integrates Gaussian functions across the frequency
domain. The weight function X(m) is then applied to the corresponding TR and linearly
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combined to produce the reconstructed DRT. A comprehensive breakdown of the detailed
procedural steps and methodology is provided in the subsequent sections.

2.2. Derivation of DRT Method

In electrochemical research, the DRT method is a valuable tool for understanding
relaxation processes in complex systems. This method excels at analyzing impedance across
different frequencies, allowing researchers to determine the DRTs within electrochemical
systems using specialized techniques [31]. The foundation of the DRT method lies in the
concept that a complex frequency impedance spectrum can be represented as a composite
of multiple distinct time constants, as illustrated in Figure 2, and the ECM of LIB with DRT
peaks is shown in Figure 3.

Figure 2. DRT peaks and general nth order R-C circuit model.

Figure 3. DRT peaks and an ECM of Li-ion batteries.

The impedance of an electrochemical system can therefore be expressed by (1)

Z(ω) = R0 +

∞∫
0

g(τ)
1 + jωτ

dτ (1)

where R0 is the ohmic resistance and it is the impedance at very high frequencies where the
capacitive effects become negligible, g(τ) is a function that describes the DRTs within the
system, ω is the angular frequency at which the impedance is measured, τ = RC represents
the relaxation time where R and C note the effective resistance and capacitance, respectively.
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The DRT is obtained by analyzing Figure 2, treating the impedance as a distribution of
time constants.

Z(ω) = R0 +

+∞∫
−∞

γ(lnτ)

1 + jωτ
d(lnτ) (2)

where
∫ +∞
−∞ γ(lnτ)d(lnτ) = 1

Equation (2) illustrates the relationship between impedance data and frequency distri-
bution. Here, R0 represents the ohmic resistance, 1/(1 + jωτ) denotes the DRT kernel, and
γ(lnτ) = τg(τ) ≥ 0 represents the distribution function of relaxation time.

Now using (2) and separating real and imaginary parts of impedance then equations
will become

Zre(ω) = R0 +

+∞∫
−∞

γ(lnτ)
1 +ω2τ2 d(lnτ) (3)

Zimg(ω) =

+∞∫
−∞

γ(lnτ)ωτ

1 +ω2τ2 d(lnτ) (4)

DRT analysis aims to estimate the spectrum γ(lnτ), which is an ill-posed problem,
meaning it lacks unique solutions. To tackle this, discretization is applied to form a linear
system of equations. Equations (3) and (4) are in continuous form but can be converted into
a discrete form using τn = 1

2π fn
, n = 1, 2, 3 . . . N, and N is the total number of frequency

points. The resulting discrete forms are represented by (5) and (6), respectively.

Zre(ω) = R0 +
N

∑
n=1

γ(ln(τ))Δln(τ)
1 + ω2τ2

n
(5)

Zimg(ω) =
N

∑
n=1

γ(ln(τ))Δln(τ)ωτ

1 + ω2τ2
n

(6)

Now expanding these equations up to n angular frequency ωn, n = 1, 2, 3 . . . n, points
and the impedance of series nth RC elements can be represented by the equation set as (7)
and (8) for real and imaginary parts.

Zre(ω1) = R0 +
γ(ln(τ1))Δln(τ)

1+ω1
2τ2

1
+ γ(ln(τ2))Δln(τ)

1+ω1
2τ2

2
+. . . . . . + γ(ln(τn))Δln(τ)

1+ω1
2τ2

n
...

Zre(ωn) = R0 +
γ(ln(τ1))Δln(τ)

1+ωn2τ2
1

+ γ(ln(τ2))Δln(τ)
1+ωn2τ2

2
+. . . . . . + γ(ln(τn))Δln(τ)

1+ωn2τ2
n

⎫⎪⎪⎪⎬
⎪⎪⎪⎭

(7)

Zimg(ω1) =
γ(ln(τ1))Δln(τ)ω1τ1

1+ω1
2τ2

1
+ γ(ln(τ2))Δln(τ)ω1τ2

1+ω1
2τ2

2
+. . . . . . + γ(ln(τn))Δln(τ)ω1τn

1+ω1
2τ2

n
...

Zimg(ωn) =
γ(ln(τ1))Δln(τ)ωnτ1

1+ωn2τ2
1

+ γ(ln(τ2))Δln(τ)ωnτ2
1+ωn2τ2

2
+. . . . . . + γ(ln(τn))Δln(τ)ωnτn

1+ωn2τ2
n

⎫⎪⎪⎪⎬
⎪⎪⎪⎭

(8)

Two primary discretization methods for DRT analysis are the piecewise linear and
Radial Basis Function (RBF) approaches. Among these, the RBF Gaussian method offers
significant advantages due to its ability to approximate data with smooth and continuous
Gaussian-shaped functions. This method ensures seamless transitions between adjacent
relaxation processes, providing a more accurate resolution of overlapping peaks compared
to the abrupt transitions inherent in the piecewise linear approach. Additionally, the RBF
Gaussian method allows for greater control over the smoothness and resolution through
parameters such as the Full Width at Half Maximum (FWHM) coefficient or shape factor,
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making it adaptable to complex datasets. The selection of Gaussian parameters, such as
shape factor (μ) and FWHM, is crucial for resolving overlapping electrochemical processes
in DRT analysis. A smaller μ improves resolution but increases noise sensitivity, while
a larger μ smooths transitions but may oversimplify processes. Proper tuning ensures
accurate separation of processes, while regularization techniques like Tikhonov mitigate
noise and instability. By minimizing numerical artifacts and reducing noise amplification,
this method delivers a more reliable interpretation of the relaxation time distribution. These
attributes make the RBF Gaussian approach particularly suited to analyzing the intricate
electrochemical behaviors of LIBs, as it captures subtle degradation mechanisms with high
precision. In contrast, the piecewise linear method, while simpler, may oversimplify the
data, potentially leading to inaccurate characterization of relaxation processes. Thus, the
RBF Gaussian method emerges as the superior choice for DRT analysis, especially in studies
focused on understanding battery aging and performance dynamics [32].

TR stabilizes DRT reconstruction by adding a term to the objective function, promoting
smoother solutions. For RBF Gaussian discretization

∅μ(x) = exp
(
−(μx)2

)
(9)

where x = |ln τ −lnτm|, τm is the relaxation time of the mth collocation points and μ is the
shape factor of the RBFs.

Are(ω) =

⎡
⎢⎢⎢⎣

1
1+ω1

2τ2
1

1
1+ω1

2τ2
2
· · · 1

1+ω1
2τ2

n
...

...
...

1
1+ωn2τ2

1

1
1+ωn2τ2

2
· · · 1

1+ωn2τ2
n

⎤
⎥⎥⎥⎦ (10)

Aimg(ω) =

⎡
⎢⎢⎢⎣

ω1τ1
1+ω1

2τ2
1

ω1τ2
1+ω1

2τ2
2
· · · ω1τn

1+ω1
2τ2

n
...

...
...

ωnτ1
1+ωn2τ2

1

ωnτ2
1+ωn2τ2

2
· · · ωnτn

1+ωn2τ2
n

⎤
⎥⎥⎥⎦ (11)

bre(ω) =

⎡
⎢⎢⎣

Zre(ω1)
...

Zre(ωn)

⎤
⎥⎥⎦ ; bimg(ω) =

⎡
⎢⎢⎣

Zimg(ω1)
...

Zimg(ωn)

⎤
⎥⎥⎦ (12)

The matrices Are and Aimg represent the real and imaginary components of impedance
data while bre and bimg represent the vectors containing the real and imaginary parts of
the measured impedance data. When Are and Aimg matrices are combined, they yield
matrix A, and the combination of bre and bimg matrices result in matrix b. Consequently,
in matrix notation, the overarching equation is expressed as Ax = b, where A belongs to
Rm×n, x belongs to Rn, and b belongs to Rm. Matrix A comprises m rows and n columns,
while x is a matrix with n elements, and b is a matrix with m elements.

A =

[
Are(ω)

Aimg(ω)

]
b =

[
bre(ω)

bimg(ω)

]
and x =

⎡
⎢⎢⎢⎢⎢⎢⎣

R1

R2
...

Rn

R0

⎤
⎥⎥⎥⎥⎥⎥⎦

(13)

From (13) and minimizing the solution equation will become as

minx

{
‖Ax − b‖2 + λ‖x‖2

}
(14)
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The minimization of above equation has unique solution for any value of the regular-
ization parameter λ > 0. The equation will be

x =
(

AT A + λ2 I
)−1

ATb (15)

The higher λ value causes a stronger penalty to the sum of squares for fitting, which
results in a smoother DRT profile. On the other hand, the smaller λ value causes the
oscillation of the DRT profile.

The MEM is commonly used to transform EIS data into DRT due to its ability to
produce smooth and stable solutions. However, MEM has significant disadvantages
illustrated in Figure 4. One major drawback is its tendency to overly smooth the DRT plot,
which can merge distinct electrochemical processes, such as charge transfer and diffusion,
into a single feature. This smoothing effect makes it challenging to differentiate individual
processes and analyze their relaxation times accurately.

Figure 4. Transformation of EIS data using MEM. (a) Equivalent Semicircles (b) Transformed Peaks.

Additionally, MEM relies on prior assumptions that introduce bias into the results.
This bias, combined with the loss of critical details in the DRT, limits MEM’s suitability for
battery diagnostics, where precise identification of fine structures is essential.

The FFT is also a widely used algorithm for transforming time domain data into
the frequency domain due to its computational efficiency. However, FFT has significant
drawbacks, particularly in noisy environments, as illustrated in Figure 5.

Figure 5. Transformation of EIS data using the FFT method. (a) Equivalent Semicircle (b) Transformed
Peak.

FFT is highly sensitive to noise, where even small disturbances in the time-domain sig-
nal can distort frequency components, leading to multiple peaks in the results. For instance,
Figure 5 shows multiple peaks in the FFT output, despite only one semicircle being present
in the Nyquist plot. This makes it difficult to analyze true relaxation processes accurately.

Tikhonov Regularization (TR) is robust and stable as compared to methods such as
ME and FFT. However, it also has practical challenges including the selection of optimal
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regularization parameters, sensitivity to noise, computational intensity, and reliance on
smooth distribution assumptions. Despite its advantages, TR may face limitations in
handling non-smooth cases and real-time applications.

3. Battery Aging Test Method

This section describes the aging test of a cylindrical 18650 LIB. The cylindrical bat-
tery cell used in the measurement has specifications provided in Table 1. The battery cell
underwent aging through repeated charging and discharging cycles to generate EIS AC
impedance spectra measured every five cycles. Changes in impedance parameters during
the aging period were extracted using the measurement results and ECMs followed by
curve fitting. The battery aging was conducted using HYSCLAB B.O.D Incubator equip-
ment, maintaining a temperature of 25 ◦C. The charge and discharge tests as well as the
EIS tests were conducted using WonATech WEIS-500. Cycle tests were performed with
constant current charging at 0.5C and constant current discharging at 0.5C. Figure 6 illus-
trates the battery testing conditions and the evaluation of Nyquist plots, with a one-hour
rest period after each charging and discharging cycle. EIS tests were conducted every five
cycles, and impedance spectra were measured using a 60 mV perturbation in the frequency
range of 0.1–1 kHz with the battery at a state of charge (SOC) of 100%. The cycle test
was conducted up to 1035 cycles, during which the battery capacity decayed from 100%
to 75%. This marked the point at which the battery could no longer function effectively,
indicating it had reached the end of its usable life. The failure occurred due to an unknown
reason, highlighting the need for further investigation into the underlying degradation
mechanisms as illustrated in Figure 6 capacity graph. The selection of 18650 batteries was
based on their widespread use in electric vehicles and consumer electronics, making them
ideal for studying degradation mechanisms and ensuring the practical relevance of the
analysis.

Table 1. Specification of the 18650 battery used for the aging test.

Property Value

Chemistry Nickel Manganese Cobalt
Type 18650

Capacity. max 2850 mAh
Nominal voltage 3.65 V
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Figure 6. Battery testing conditions and evaluation of Nyquist plots.

4. Results and Analysis

4.1. Correlation Between EIS Nyquist Plots and DRT Plots

EIS Nyquist plot is a graphical representation where the real part of impedance
(Z′) is plotted on the x-axis, and the imaginary part (Z′′) on the y-axis, offering insights
into the electrical properties of a LIB, such as resistance, capacitance, charge transfer
kinetics, and Warburg impedance. Each data point on the Nyquist plot corresponds to the
impedance of the LIB at a specific frequency, with different regions of the plot providing
information about various electrochemical processes as illustrated in Figure 7, such as
the high-frequency region reflecting ohmic resistance and the lower frequency region
indicating diffusion impedance.

Figure 7. Transformation of an EIS plot to DRT plot for a 18650 cell (a) Nyquist plot of a 18650 cell
(b) corresponding DRT plot transformed from the EIS plot.

In contrast, DRT analysis offers a model-free approach to interpreting EIS data by
directly examining the DRTs within the system. DRT identifies and quantifies individual
relaxation processes, with each peak in the DRT spectrum corresponding to a distinct
electrochemical process, as shown in Figure 7b. This method provides clearer and more
interpretable insights into the behavior of LIBs compared to the traditional approach of
fitting EIS Nyquist plots to an ECM. The relationship between EIS Nyquist plots and
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DRT plots is visually represented in Figure 7, where DRT peaks correspond to different
features in the Nyquist plot, helping to connect and interpret the electrochemical processes
more effectively.

EIS is a powerful tool for analyzing the internal processes of LIBs. However, in
traditional Nyquist plots, overlapping semicircles often obscure individual electrochemical
processes, making it challenging to differentiate and analyze the underlying mechanisms.
To address this limitation, the DRT method is employed, transforming EIS data into a format
where each electrochemical process is represented as a distinct peak. This transformation
enables the clear separation and identification of individual processes such as the ohmic
region, Solid Electrolyte Interphase (SEI) layer, charge transfer process, and diffusion
process, providing deeper insights into the internal behavior of LIBs.

4.2. Detection of the Battery Status Using DRT Plot

Nyquist plots of the 18650 cell obtained from EIS measurements are presented in
Figure 8a,b. Impedance spectrums were recorded for this cell after a specified number of
cycles until the capacity decayed to 75%, marking the onset of failure. The spectrum is
divided into four frequency ranges: ultra-high frequency, high frequency, intermediate
frequency, and low frequency. The semicircle at the intermediate frequency is associated
with charge transfer, while the low-frequency region corresponds to diffusion processes,
both closely related to battery degradation during cycling. In contrast, the ultra-high
and high-frequency regions are associated with ohmic resistance and the SEI region, re-
spectively, which are less affected by cycling. In Figure 8a,b, overlapping semicircles
make it challenging to distinguish individual electrochemical processes. Ideally, each
process would correspond to a distinct semicircle, but in practice, they often overlap.
Additionally, the height and width of the semicircles increase with cycling, reflecting
changes in the impedance spectrum. However, due to similarities in the electrochemical
processes, these semicircles overlap, complicating the derivation of individual relaxation
times and amplitudes.

Figure 8. (a,b) Nyquist plots of the 18650 cell over the life cycle (c,d) DRT plots of the 18650 cell over
the life cycle.
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There is an ongoing need in battery research for methods that combine frequency-
domain and time-domain analysis to interpret EIS for understanding battery characteristics
and diagnosing issues [33]. DRT analysis addresses this need by enabling a clearer break-
down and understanding of each process compared to frequency-domain analysis alone. A
broader range of frequencies provides detailed insights into internal processes within the
battery. The higher-frequency region reveals faster processes such as chemical reactions,
while the lower-frequency region highlights slower processes like diffusion of ions. Time-
domain analysis also provides a clearer view of each electrochemical process, enhancing
the understanding of battery behavior.

In Figure 8c,d, the DRT plot for the 18650 battery is shown up to 1035 cycles. Four
peaks are observed in the DRT plot. The rightmost peak, which increases continuously with
cycling, is referred to as the diffusion process. It indicates battery aging and is located at a
higher relaxation time, corresponding to the lower frequency region [34]. The peak on the
left side is known as the contact impedance or ohmic impedance, resulting from the direct
physical contact between the active materials and the collectors. This peak shows almost
no variation as the battery cycles, which is attributed to the high-quality production and
manufacturing process of the anode material in LIBs. The middle two peaks are associated
with the SEI layer and charge transfer process. As shown in Figure 8c,d, during the initial
cycles, the SEI layer grows rapidly and then stabilizes. The charge transfer impedance
increases with cycling and its shift toward higher relaxation times indicates that the process
is slowing down. When the peaks of the charge transfer and diffusion processes merge
at a single time constant tau, it signifies a critical state of degradation in the battery. The
merging of these processes at a single-time constant tau indicates that the battery can no
longer sustain electrochemical reactions. This is due to SEI layer formation, lithium plating,
and loss of active materials, which increase internal resistance. This increase in impedance
with cycling reflects the battery degradation mechanism.

The degradation mechanisms of LIBs can be thoroughly analyzed and better under-
stood with the help of Figure 9 [35], which provides a comprehensive overview of the
various processes involved. An increase in ohmic resistance also known as contact resis-
tance in LIBs is linked to reduced electrical conductivity within the battery components,
which can arise from mechanisms like electrolyte consumption and electrolyte decompo-
sition. Electrolyte consumption leads to a decrease in the availability of charge carriers
(ions), while electrolyte decomposition generates chemical species that might have lower
conductivity. These factors collectively contribute to an increase in ohmic resistance, re-
sulting in higher internal resistance and diminished battery performance. Additionally,
an increase in the resistance of the SEI layer indicates a degradation process in LIBs [36].
The SEI layer, formed on the electrode surfaces due to electrolyte decomposition, suggests
the LLIs within the battery, leading to a reduction in its capacity and performance over
time [35].
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Figure 9. LIBs degradation mechanisms based on DRT plots.

Moreover, a rise in charge transfer and diffusion processes within LIBs may suggest a
decrease in active material within the electrodes, particularly noticeable in the negative
electrode (anode) and positive electrode (cathode). This impedance increase often signifies
degradation processes that lead to reduced electron and ion transport within the electrodes,
which can be attributed to particle fractures and structural changes in the active material
as shown in Figure 9. One of the primary causes of such degradation is the phenomenon
of graphite exfoliation and island formation in the negative electrode, typically made of
graphite [37]. During charging and discharging cycles, the anode undergoes expansion and
contraction due to the insertion and extraction of lithium ions, contributing to degradation
over time [38]. This degradation can include particle cracking, LAM from the electrode,
and changes in the crystal structure, ultimately reducing the capacity to store and release
lithium ions.

5. Conclusions

This study demonstrates the deconvolution of EIS data into the DRT using TR with
Gaussian functions, providing a more accurate and precise analysis of LIBs degrada-
tion mechanisms. By utilizing Gaussian functions, the DRT method effectively separates
overlapping electrochemical processes and offers clearer insights into battery aging and
performance decline compared to traditional methods. The analysis shows that shifts in
electrochemical processes, such as charge transfer and diffusion, correlate with the degra-
dation of LIBs over time. This approach offers a detailed understanding of the degradation
mechanisms, including the role of the SEI layer in affecting battery capacity. The DRT
method enhances the ability to track and quantify these changes more precisely, offering
a clearer picture of battery health. The DRT method offers distinct advantages over tra-
ditional EIS analysis by deconvoluting overlapping electrochemical processes in Nyquist
plots, providing higher resolution and greater insight into individual mechanisms such as
SEI growth, charge transfer, and diffusion. Unlike conventional EIS, which often struggles
with interpreting complex impedance spectra, the DRT method isolates and quantifies
specific processes, thereby enabling more accurate analysis of battery aging and degra-
dation. TR with Gaussian functions for DRT deconvolution proves to be a powerful tool
for improving the accuracy of battery performance predictions. This method supports the
development of advanced battery management systems by enabling better monitoring of
battery health, optimizing performance, and extending the operational lifespan of LIBs
across various applications. By providing a deeper understanding of battery degradation,
it contributes to the advancement of more efficient and reliable battery technologies.
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Abstract: The transport sector is responsible for nearly a quarter of global CO2 emissions
annually, underscoring the urgent need for cleaner, more sustainable alternatives such
as electric vehicles (EVs). However, the electrification of heavy goods vehicles (HGVs)
has been slow due to the substantial power and battery capacity required to match the
large payloads and extended operational ranges. This study addresses the research gap
in battery pack design for commercial HGVs by investigating the electrical and thermal
behaviour of a novel battery pack configuration using an electro-thermal model based
on the equivalent circuit model (ECM). Through computationally efficient 1D modelling,
this study evaluates critical factors such as cycle ageing, state of charge (SoC), and their
impact on the battery’s range, initially estimated at 285 km. The findings of this study
suggest that optimal cooling system parameters, including a flow rate of 18 LPM (litres per
minute) and actively controlling the inlet temperature within ±7.8 ◦C, significantly enhance
thermal performance and stability. This comprehensive electro-thermal assessment and the
advanced cooling strategy set this work apart from previous studies centred on smaller EV
applications. The findings provide a foundation for future research into battery thermal
management system (BTMS) design and optimised charging strategies, both of which are
essential for accelerating the industrial deployment of electrified HGVs.

Keywords: driving cycle; electric truck; dynamic battery thermal model; BTMS; equivalent
circuit model

1. Introduction

One of the main challenges that the modern world continues to face is climate change
and the global warming process associated with it. Global temperatures have increased by
more than 1 ◦C since 1880, with most of this rise occurring since 1975 [1]. The main driver
of this continues to be the global production of CO2, with the transport sector accounting
for 24% of the 33.5 billion tonnes produced annually [2]. Having been highlighted as a
leading contributor, governments globally have placed stricter emissions legislation on the
transport sector. The EU and UK governments have introduced policies to suspend the
sale of fossil fuel-powered consumer vehicles beyond 2035 [3,4]. This will leave a void in
sales of more than 10 million vehicles annually [5], which will likely be filled by vehicles
featuring either electric or hydrogen propulsion systems. In anticipation of the transition to
more environmentally friendly vehicles, the popularity of EVs (electric vehicles) has risen
exponentially over recent years, with this trend likely to continue [6].

Batteries 2025, 11, 55 https://doi.org/10.3390/batteries11020055
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Despite similar legislation [7], the heavy-duty commercial vehicle sector has been
slower to electrification than other sectors [8]. As of 2021, only 0.3% of global new truck
registrations were attributed to electrically powered vehicles, accounting for less than 0.1%
of the total global fleet [9]. The slow transition is likely due to significantly increased
payloads [10] requiring advancements in batteries and electric drive units (EDUs).

EDUs capable of supplying the required power for electric heavy-duty trucks have
now been developed, which can provide high power such as 375 kW continuously [11].
Despite this, limited research and development have been carried out to enable the pro-
duction of equally capable battery systems. Where the literature is available, it usually
focuses on passenger and light-duty commercial vehicles, hindering heavy-good vehicle
electrification [11].

Automobile applications feature significantly more demanding technical requirements
than customer electronics regarding capacity, operating temperature range, cost, and cycle
life. Mathematical models can predict system characteristics in different environments
and conditions, enabling assessment of the performance and range of EVs [12]. Due to the
complexity of large-scale energy storage systems and their loading cycles, computational
methods are most used for these assessments. Tools such as AVL Cruise and MATLAB
Simulink R2023b allow for incorporating vehicle parameters, drive cycle requirements, and
battery characteristics through mathematical equations representing physical and chemical
reactions [13–15].

Mathematical models estimate the performance of individual cells or whole systems,
with SoC, voltage, current draw, and power supply among the parameters of significant
interest [15–17]. It is, therefore, essential to model these accurately to ensure physical battery
operation is as predicted, as this allows manufacturers to establish whether performance
targets can be met reliably and safely by the system. The ability to mathematically model
lithium-ion (Li-ion) batteries is vital for the development of battery management systems
(BMS), which help to maintain electrical and thermal balance in energy storage systems
(ESS) [18].

Effective Battery Thermal Management Systems (BTMS) are needed within EV bat-
tery packs as Li-ion batteries’ performance and safety characteristics are sensitive to cell
temperatures [18]. It is generally accepted that Li-ion batteries tend to perform optimally
between 25 ◦C and 35 ◦C [19,20]. Above this range, the cycle life of Li-ion batteries tends
to decrease exponentially. Tarascone et al. [21] found that in early rechargeable Li-ion
batteries, the battery cycle life at 25 ◦C was approximately 250% greater than that at 55 ◦C.
Similar harmful impacts on Li-ion cell capacity have been found below optimal tempera-
tures, with Lo [22] showing up to 30% reductions in cell capacity at −20 ◦C. Temperature
differences within Li-ion cells and across battery packs have also been found to hinder
overall performance. It has been suggested that a maximum difference of 5 ◦C should not
be exceeded within cells and between modules to maintain optimal performance [23,24]
and avoid potential short-circuiting [25]. Temperature differences more significant than this
have increased thermal ageing by 25% and decreased power capabilities by 10% [26]. Based
on existing studies, it can therefore be suggested that the BTMS must maintain optimal
battery temperature (25–35 ◦C), with a pack temperature range of <5 ◦C.

Key thermal challenges facing the electrification of HGVs stem from the increased
mass and power requirements compared to typical EVs. Typical EVs have masses of around
1600–2300 kg [27,28] and electric drive units capable of supplying 100–150 kW [28]. Due
to payloads of up to 44 tonnes, HGVs require motors that can provide high power and
torque to perform similarly to current diesel powertrains [29]. The additional mass of
loaded HGVs means they can require upwards of 1000% more torque during standardised
drive cycles than typical EVs [30–32], thus drawing proportionately more current from
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the battery pack. With total heat generation within Li-ion battery systems proportional
to the amperage draw squared [24], the increased torque requirements mean that the
heat generation per battery cell could be exponentially more significant in electric HGVs
than typical EVs, increasing demand on the BTMS. Electric HGVs’ more significant power
requirements also mean they will likely have much larger battery systems than typical EVs.
Typical EVs feature battery capacities of around 40–80 kWh [28], compared to an electric
HGV requirement of upwards of 400 kWh [33], to achieve ranges competitive with existing
diesel counterparts. At the same current draw, this may mean that the electric truck’s
total battery heat generation could be up to 750% greater than typical EVs. To maintain
thermal stability within the battery, the truck’s BTMS and cooling capacity would need to
be upscaled sufficiently, with components such as the radiator, compressor, and pumps
capable of generating increased heat.

According to Pesaran [34], EV BTMS should use minimal parasitic power while
allowing pack operation in hot and cold climates. Potential BTMS designs for typical
EVs have been compared in studies, with liquid water/glycol cooling widely regarded as
preferential [35]. This has been attributed to the more significant heat transfer coefficients
of liquid systems, which can be more than 3× those of equivalent air systems [34]. Such
liquid BTMSs can be cooled passively and actively, as detailed by Piao et al. [36], with
passive systems only found to be viable for climates between 10 ◦C and 35 ◦C [34].

The existing literature has widely studied potential liquid BTMS for consumer EVs,
with the inlet temperature and coolant flow rate having been found to play critical roles.
Lan et al. [37] studied the effect of coolant flow rate and detailed battery cell thermal
behaviour at different C-rates. It was found that an increase in coolant flow rate provided
increased cooling across all C-rates but would eventually suffer from diminishing returns.
Karimi et al. [38] carried out similar work and achieved flow rate results identical to those
of Lan et al. [37], but also studied the effect of inlet temperature on cell temperature. It
was shown that a decrease in inlet temperature proportionately decreased maximal cell
temperature across the whole battery discharging cycle. For example, at the end of the
1400 s cycle, each 1 ◦C reduction in coolant inlet temperature reduced the maximal end
temperature by 0.6 ◦C. This trend was repeated across all inlet temperatures. Yue et al. [39]
also found similar results at the pack level. These studies suggest that increased coolant
flow rate and low coolant inlet temperatures would provide preferential cooling for electric
HGV TMS. However, the diminishing returns shown by increased flow rates and the
increased energy consumption required for active cooling suggest that both properties
should be optimised for each application.

This study addresses these challenges by employing a 1D electro-thermal model within
the MATLAB Simulink R2023b environment to assess a potential battery design’s electrical
and thermal performance for heavy-duty vehicles. This model is based on realistic cell
characteristics, real-world power demand data, and driving cycle data for HGVs. Using
a 1D model offers a practical solution by increasing the speed and reducing the costs of
large-scale simulations while maintaining accuracy. Unlike previous research, this study
integrates real-world power demand and drive cycle data for heavy-duty trucks. It also
employs realistic cell characteristics and cooling system performance, ensuring the results
apply to industrial-scale deployments. An equivalent circuit model (ECM) is calibrated
for electro-thermal analysis using actual battery test data. This enhances the reliability of
the simulation results, allowing for precise evaluation of battery behaviour under various
operating conditions [40].
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The primary novel contributions of the present research are as follows:

1. Thermal management solutions for heavy-duty electric vehicles, providing analysis
of these vehicles’ thermal behaviour.

2. Use of actual drive cycle and power demand data for realistic battery design.
3. The 1D electro-thermal modelling is based on ECM, battery test data, and typical

thermal management materials.
4. Industrial-scale applicability using realistic cell characteristics and cooling system

performance.

The structure of this paper is as follows: Section 2 outlines the methodology, covering
the system description, electrical battery model, and thermal cooling model. Section 3
presents the study’s findings, while Section 4 provides an in-depth discussion. Finally,
Section 5 concludes with a summary of the key insights.

2. Materials and Methods

2.1. System Description

Prior to the modelling procedure, a battery pack design for an electric heavy-duty
truck was created based on typical EV battery specifications and space availability in heavy-
duty trucks. Samsung SDI 94 Ah cells [41] were selected for use in the battery pack design
due to their suitability in automotive applications, historically proven by their presence
in multiple EVs. These cells use lithium-ion chemistry, with a Nickel–Cobalt–Manganese
(NMC)-based cathode composition (Ni0.33Mn0.33Co0.33O2) [42].

Following a review of the limited EV trucks available from large original equipment
manufacturers (OEMs) [43], minimum electrical capabilities of the novel battery pack were
established, with an excess of 600 V and 516 kWh required. Table 1 highlights the battery’s
electrical architecture, with Table 2 highlighting the system’s electrical characteristics.

Table 1. Battery architecture used in the current study.

Type Module Pack Total

Electrical architecture 12 cells in series (12 s) 16 modules in series 7 packs in parallel

Table 2. Battery system parameters used in the current study.

Cell [41] Module Pack Total

Nominal voltage (V) 3.68 44.16 706.56 706.56
Maximum voltage (V) 4.15 49.80 796.80 796.80

Capacity (Ah) 94 94 94 658
Energy capacity (kWh) 0.35 66.41 64.41 464.92

Maximum energy capacity (kWh) 0.39 74.52 74.52 521.64
Mass (kg) 2.1 28 448 3136

At the point of concept, consideration was made to the spatial requirements of such a
battery to allow for its potential future integration into an HGV. An example of the novel
battery in situ is shown by 3D visualisation in Figure 1. Prior work has shown that a
cooling channel design is the most appropriate for a vehicle of this scale when considering
cooling performance, pressure loss, and special requirements [44]. The cooling system
was assumed to feature 6 cooling channels per pack, as shown in Figure 2, while using an
industry-standard 50:50 water/glycol coolant mixture [45].
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Figure 1. Rendering of the battery pack in the truck with and without aero covers.

Figure 2. 3D CAD model of battery module with cooling channels.

2.2. Battery Thermal Model
2.2.1. Battery Life Cycle Dynamics and Electrical Parameters Overview

Physical testing data of typical EV battery modules containing Samsung SDI prismatic
cells was used to understand cell cycle ageing, with the results summarised in Table 3.
The study considered 2000 and 4000 cycles, corresponding to 100%, 90%, and 80% of the
state of health (SoH). Further cycle ageing was not considered due to the cell’s end of life
(EOL) being exceeded, with a replacement expected when the SoH of the cells depletes
beyond 80%.

Table 3. Battery life cycle values of a typical EV battery module.

Charge/Discharge Cycles Capacity Difference at 25 ◦C (%)
Internal Resistance

Difference at 25 ◦C (%)

1 0 0
2000 −9.96 17.28
4000 −20.28 42.45

Key battery parameters were parametrised within the script and applied to each cell
in line with manufacturer datasheets and experimental fade data. The complete block
diagram of the electrical system, alongside charge/discharge application and battery
performance assessment methods, is also presented in Figure 3. The power demand for
each cycle was proportioned to each pack. This meant that including all 7 packs was
optional, helping simplify the model while significantly decreasing the computational
power without compromising accuracy. Uniform discharge and health degradation were
assumed for all the cells in the system; hence, a SoC reading from the output of a single
cell was considered sufficient. In the initial stage, the thermal implications were neglected,
with perfect cooling assumed, therefore maintaining the cells’ temperature at 298.15 K.
The electrical model would later be combined with the thermal model to investigate the
thermal impacts of varying power demand. Similarly, no self-discharge or memory effect
was considered for the cells.
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Figure 3. Electrical battery model design (inputs, modelling, and output).

During simulation, the cells’ dynamic charge and discharge models were used to
determine the cell terminal voltage based on current draw and time. Hence, the depth of
discharge provided was defined by Equations (1) and (2), respectively. These models are
pre-determined within MATLAB R2023b to suit a lithium-ion type battery, such as the cells
used for this paper [46]. Table 4 shows the parameters used in the electrical model.

fc(it, i∗, i) = E0 − K
(

Q
it + 0.1Q

)
i ∗ −K

(
Q

Q − it

)
it + Ae−Bit (1)

fd(it, i∗, i) = E0 − K
(

Q
Q − it

)
i ∗ −K

(
Q

Q − it

)
it + Ae−Bit (2)

Table 4. Parameters of the electrical model.

Parameter Symbol Unit

Voltage E0 V
Polarisation constant K V/Ah

Current dynamics i∗ A
Battery current i A

Extracted capacity it Ah
Maximum battery capacity Q Ah

Exponential voltage A V
Exponential capacity B Ah−1

2.2.2. Equivalent Circuit Model (ECM)

Methods of battery modelling can be split into two main categories, one being the
electrochemical models (EM), and the second being the equivalent circuit model (ECM).
The ECM utilises components like resistors, capacitors, and voltage sources to form a
circuit network that replicates the behaviour and dynamics of a battery [47]. On the
other hand, the EM provides a more precise depiction by accounting for the underlying
electrochemical processes. The ECMs, particularly resistor–capacitor (RC) networks, are
frequently used for lithium-ion battery modelling because they effectively capture the
battery’s dynamic behaviour.

Simulink’s Simscape toolbox allowed the electrical system to be modelled using
blocks representing various system components. The equivalent circuit model (ECM)
implemented using the battery cell block in Simulink can be seen in Figure 4, alongside a
schematic diagram.
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(a) 

(b) 

Figure 4. Schematic diagrams: (a) equivalent circuit model for Li-ion cell; (b) equivalent circuit model
of nRC model.

Figure 4b illustrates a standard ECM configuration, specifically, the nRC model, which
consists of an n-RC network. The battery’s output voltage (V i) depends on various param-
eters, such as the open circuit voltage (OCV), ohmic resistance (R 0), polarisation resistance
( Ri), and the corresponding polarisation capacitance ( Ci), as defined in Equation (3).

Vi = OCV − Ii

[
R0 +

n

∑
i=1

Ri

(
1 − e−

t
RiCi

)]
(3)

2.2.3. Drive Cycle Energy Demand Analysis

This study considered two drive cycles—VECTO long haul and AVL These were
chosen due to their use in the international emission assessment of modern trucks and
their accurate representation of a typical heavy-duty truck drive cycle. The long-haul cycle
predominantly features steady-state driving with some stop/start instances, similar to
what could be expected of a drive along a motorway with moderate traffic. The AVL cycle
is twice as long (200 km) and includes no stopping instances, with only some sections of
reduced velocity. The AVL cycle, therefore, maintains a higher average velocity through
the cycle and can be said to be representative of a drive through a mountainous region
with fluctuations in altitude—the velocity and altitude profiles of each cycle can be seen in
Figures 5 and 6.
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Figure 5. Velocity and inclination profiles for long haul.

Figure 6. Velocity and inclination profiles for the AVL cycle.

2.3. Thermal Cooling Model
2.3.1. Thermal Parameters Overview

The battery pack materials used during the modelling process were selected based
on the previously highlighted battery pack design procedure. The corresponding thermal
parameters assumed for the materials were selected based on parameters used typically
within existing papers [48–50] and, where available, manufacturer’s datasheets. Table 5
provides an overview of the materials. The cooling system parameters were selected
similarly, as shown in Table 6.
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Table 5. Thermal parameters of the materials used for the battery pack [48–50].

Materials Thickness (m)
Thermal Conductivity

(W/(K∗m))
Application

Aluminium 0.004–0.005 202.40 Cell casing and module plates

HV Insulation 0.002 1.38 Electrical insulation and
high-voltage protection

PVC Lid 0.005 0.02 Electrical insulation and
thermal protection

Air Pockets N/A 5.00 Heat Dissipation

Table 6. Cooling system parameters used in the current study [49,51–53].

System Property Values

Coolant

Viscosity 4.41 (mPa/s)
Kinematic Viscosity 4.25 (mm2/s)

Thermal Conductivity 0.35 (W/mK)
Specific Heat Capacity 3.57 (kJ/kg K)

Heat Exchanger Pipes

Thermal Conductivity 202.4 (W/mK)
Hydraulic Diameter 0.01 (m)

Pipe Roughness 1 × 10−6 (m)
Laminar Flow Upper Reynolds Number 2300

Turbulent Flow Lower Reynolds Number 4000
Nusselt Number 3.66

Darcy Friction Factor Constant 64

2.3.2. Simulink Model Overview

Simulink was again used as a simulation environment to model the battery pack and
cooling system in 1D, as shown in Figures 7 and 8. The model components were connected
electrically and thermally based on the arrangements in Table 5 to produce subsystems
of each system level. Each component was assumed to be in contact with surrounding
components, except at the pack level, where air spaces were assumed to be surrounding
each pack. The battery subsystems were combined to create a representative model of the
total battery, as shown in Figure 3.

Figure 7. Battery cell thermal model in MATLAB/Simulink R2023b.

99



Batteries 2025, 11, 55

 
Figure 8. Overview of the 1D electro-thermal Simulink model used in the current study.

2.4. Simplified Assumptions for Battery System Modelling

The electrical battery model assumed uniform discharge, health degradation, and
perfect cooling for all cells within the system. Therefore, the cell temperature was con-
sidered to be constant at 25 ◦C in line with the similar existing literature [32]. These
assumptions meant that monitoring the electric state of a single cell was assumed sufficient
and representative of all cells in the system.
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All three models also used one fundamental assumption to reduce computational cost.
It was assumed that one pack would provide a representative view of the whole system’s
behaviour. This was considered valid as the CAD model of the entire system suggested that
each pack would be thermally isolated from each other with air. This was implemented
by using one pack’s cooling system and drawing a power demand for the pack with a
scalar equal to 1/7th of what would be faced by the total battery pack, therefore reducing
computational cost by approximately 86%.

3. Results

3.1. Power Demand

The energy demand for a 44-tonne truck to complete both drive cycles was obtained
from simulations carried out in AVL Cruise M, as shown in Figure 9. Both cycles included
energy recovery from regenerative braking, as indicated by the positive power demand
regions in both figures.

(a) 

(b) 

Figure 9. Power demand per pack for (a) long-haul cycle, (b) AVL cycle.
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3.2. Electrical Battery Model
3.2.1. Model Validation

The electrical model was validated by assessing the total power consumption calcu-
lated from the initial and final SoC of the battery pack and scaling to consider the full,
seven-pack system before comparing it to the literature [54,55]. For validation purposes,
the SoH and initial SoC of the cells were taken as 100%. The more significant difference in
energy consumption displayed by the long-haul cycle was attributed to the use of different
cells in the literature and was therefore ignored. The results from the study can be seen in
Table 7; from these, the model was deemed valid.

Table 7. Model simulation results.

Cycles
Energy

Consumption—Literature
(kWh)

Energy
Consumption—Simulink

Model (kWh)
Difference (%)

Long-haul 169.42 187.77 10.82
AVL 343.42 339.83 −1.05

3.2.2. Long-Haul Cycle

By varying the initial SoC and SoH values, nine use cases were obtained. The different
use cases were investigated for energy consumption and post-cycle SoC, with the results
shown below in Table 8 and Figure 10.

Table 8. Results of long-haul cycle.

Cycles 1 2000 4000

Pack Energy
Capacity

(kWh)
66.41 59.78 53.13

Initial SoC 1 0.9 0.8 1 0.9 0.8 1 0.9 0.8
Final SoC 0.60 0.48 0.37 0.55 0.44 0.32 0.48 0.37 0.26

Energy Consumed
(kWh) 188 193 197 189 194 199 192 197 201

Figure 10. SoC profiles over time for different initial SoC and SoH conditions during long-haul cycle.
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3.2.3. AVL Cycle Results

Equivalent use cases to those in Section 3.2.2 were used to analyse the AVL drive cycle
for energy consumption and post-cycle SoC. The results are in Table 9 and Figure 11.

Table 9. Results of AVL cycle.

Cycles 1 2000 4000

Pack Energy Capacity
(kWh) 66.41 59.78 53.13

Initial SoC 1 0.9 0.8 1 0.9 0.8 1 0.9 0.8
Final SoC 0.26 0.18 0.08 0.19 0.11 0 0.09 0 0

Energy Consumed
(kWh) 342 333 335 339 331 335 335 335 298

Figure 11. SoC profiles over time for different initial SoC and SoH conditions during AVL Cycle.

3.3. Battery Thermal Management Performance
3.3.1. Flow Rate Simulation Results

The thermal behaviour of the battery pack was simulated for 3600 s at the max C-rates
obtained from the AVL cycle. These were 0.714 C and 0.935 C at 100 and 80% battery
SoH, respectively, found during the electrical analysis. The median temperature increases
and maximum temperature difference over the pack were recorded at varying coolant
flow rates. Figures 12 and 13 show the effect of coolant flow rate on temperature increase
and difference.

3.3.2. Inlet Simulation Results

The thermal response of the battery pack to varying inlet temperatures was also
simulated for 3600 s at 0.714 C. Ambient temperatures of −15 ◦C, 25 ◦C and 40 ◦C were
selected to cover both typical ambient temperatures and extremes that the literature has
suggested heavy-duty trucks could face [29]. Figures 14 and 15 show how varying the inlet
temperature affects battery temperature change.
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Figure 12. Median temperature increase in the battery pack exposed to 0.714 C at different coolant
flow rates.

Figure 13. Temperature increase and difference at 3600 s of maximum C-rates from AVL drive cycle.
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Figure 14. Decrease in temperature of battery pack at varying coolant inlet temperatures at 0.714 C
(100% SoH) and 40 ◦C ambient temperature.

Figure 15. Temperature change in battery pack at varying coolant inlet temperatures at 3600 s of
0.714 C (100% SoH).

105



Batteries 2025, 11, 55

3.4. Transient Thermal Performance Analysis of the Battery Pack

Using the optimised BTMS parameters, the thermal behaviour of the truck’s battery
was analysed under AVL cycle loading at varying ambient temperatures. Each ambient
temperature was studied without implementing a cooling system and with predefined
optimal coolant parameters. These were determined from the results shown in Section 3.3
for each ambient temperature and can be seen in Table 10. Figure 16 shows the transient
analysis results, highlighting the optimal region in grey.

Table 10. Optimised cooling system parameters.

Ambient Temperature
(◦C)

Coolant Flow Rate
(LPM)

Coolant Inlet Temperature
(◦C)

−15 18 −7.2
25 18 25.0
40 18 32.2

Figure 16. Battery pack temperature during AVL drive cycle loading.

4. Discussion

4.1. Performance Insights from the Electrical Model
4.1.1. Long-Haul Driving Cycle

Based on the post-cycle SoC of the pack, the total energy consumption was calculated
to range between 188 and 201 kWh/100 km (~7% range) for the long-haul cycle, as shown in
Table 8. This suggests a potential single-charge range of 247 km at full load under optimal
operating conditions. As expected, energy consumption for the cycle increased with
increased cycle ageing due to the increased internal resistance within each cell. Decreasing
the initial SoC also increased energy usage due to the reduced pack voltage. In these
scenarios, more current would be drawn to achieve the required power, compensating for
the lower voltage. The use case with 100% SoH and SoC appeared to be the most energy
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efficient for the cycle, whilst expectedly, the oldest and least charged batteries appeared
least efficient.

The final SoC values for the long-haul cycle, as shown in Figure 10, were found to
vary from 60% to 26.7%, depending on the initial SoC and SoH. The SoC trend followed
expectations from the power demand plot in Figure 9 and showed a steady discharge with
one significant section of battery recharge around the 1750 s mark, coinciding with the
large, positive peak in the power demand plot. It was also noticed that the power input in
the recharge sectors resulted in a higher SoC increase for lower SoH cases. This occurred
due to the reduced cell capacity, which allowed for a quicker charge at a constant power
input. The impact of the remaining energy recovery sectors (around 200 s and 430 s) was
found to be less significant, with the SoC increase not exceeding 1% for all cases. This likely
reflects less extreme regenerative braking conditions in which gentle deceleration or less
frequent breaking events occurred.

4.1.2. AVL Cycle

Unlike the long-haul cycle, the longer AVL cycle could not be completed in all nine
use cases. Table 9 shows the total energy consumption varied between 331 and 342 kWh
(3% range) when considering fully completed cycles, suggesting a potential battery range
of 285 km under optimal conditions. However, as evident in Table 9, the 100% SoH, SoC
battery was found to be the least efficient, contradicting the results from the long-haul
cycle. This could be explained by the nature of the route, which contains more areas of
regenerative braking, which is potentially more efficient at lower SoHs.

Final SoC values ranged from 26.4% and 0%, with three cases completely discharging
the battery before the end of the cycle, as shown in Figure 11. Complete discharge was
achieved within the 155 km–165 km range for these cases. The cycle contains three sectors
of recharge, with the most significant one occurring around 7500 s. The minimum increase
in SoC achieved at this part of the cycle was found to be around 4%. It can be estimated
that without this large recharge power peak, a further three cases would not be able to
complete the cycle.

4.1.3. Validation of Model

Overall, the model provided energy consumption results, which gave single-charge
range predictions in line with current industry standards for electric class eight trucks [56].
The model was also validated by comparing energy consumption with 10.85% and −1.82%
difference for the long-haul cycle and AVL cycle, respectively, upon comparison with the
literature [56,57], and, hence, high confidence can be placed in the model. The energy
flow in the system behaved as expected, showing the expected charge and discharge
stages of the pack, accurately reflecting the power draw for each cycle, and giving reliable
approximations for variations in SoC.

4.1.4. Key Assumptions and Limitations of the Model

The model utilised three main assumptions: constant temperature, uniform discharge,
and uniform cycle ageing of all cells. The validity of these assumptions would be highly
dependent on the performance of the cooling and battery management systems, both of
which would be required for the battery design to be industrialised.

One modelling assumption that could have compromised the accuracy of results in
comparison to experimental data was the neglect of the dynamic constants of the cells. The
cells considered in this paper did not undergo characterisation tests, preventing accurate
data regarding their behaviour under dynamic loading from being established. Only cycle
ageing tests were carried out to understand the cycle ageing implications on the system
performance in terms of vehicle single-charge driving range over the lifespan of the pack.
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4.2. Thermal Cooling System Model
4.2.1. Coolant Flow Rate

Figures 12 and 13 suggest that with an ambient inlet temperature, cooling performance
increases with coolant flow rate, up to a point of diminishing returns. For example, an
increase in flow rate from 1 to 10 LPM at 0.714 C decreased the final temperature increase
by 36.5% and temperature difference by 85.1%. The increase in cooling performance is
likely due to the greater flow rate providing increased cooling capacity to the system, with
more mass able to absorb heat each second, therefore maintaining the temperature gradient.
However, increasing the coolant flow rate from 10 to 25 LPM saw limited additional cooling
benefits, suggesting that the rate of heat transfer was no longer limited by the flow rate.

Additionally, Figure 13 suggests that greater C-rates increase temperature difference
across a battery pack, with this decreasing slightly with an increase in flow rate. This is
likely due to the increase in heat production and, therefore, overall pack temperatures. In
turn, this would likely cause greater heat transfer to the coolant across the pack, reducing
the temperature gradient at the coolant outlet, and thus reducing the rate of heat transfer
from the end modules compared to those at the inlet.

4.2.2. Coolant Inlet Temperature

Figure 15 shows a positive relationship between coolant inlet temperature and thermal
benefits, with correlation coefficients of 0.776 for cooling and 0.753 for heating obtained
using the least-square method. Increased modification of the coolant temperature at
extreme ambient temperatures would likely provide continued thermal benefits. However,
due to the power demand associated with active coolant temperature modification, the
BTMS should be optimised for each ambient temperature to minimise parasitic energy
consumption. This can be achieved by implementing dynamic control of the thermal
management system [57].

4.2.3. System Optimisation

Results shown in Section 3.3 and the CFD results [58] were used to optimise the BTMS.
Figure 13 suggested that 18 LPM would be the optimal coolant flow rate per sub-pack,
with this value found to be achievable in typical automotive applications [44]. This was
determined by combining the point of diminishing returns, ~15 LPM, with a SF (safety
factor) of 1.2. SFs of 1.2–1.5 have been suggested for battery systems [59], with 1.2 selected
to minimise parasitic power consumption seen with increasing flow rates [37]. CFD results
in [58] showed that at optimal ambient temperatures, ambient cooling would suffice. At
extremes, it was found that an active system would be required, with 7.8 ◦C of active
cooling or heating to be optimal [60].

4.3. Combined Transient Analysis Results

Figure 16 shows that the optimised cooling system demonstrated effective perfor-
mance under ambient temperature conditions of 25 ◦C and 40 ◦C. When applied throughout
the AVL drive cycle, the system enhanced the battery’s thermal stability by 87.7% at 25 ◦C,
ensuring the battery remained in the optimal temperature range for the entire drive cycle
and 81% of the cycle at 40 ◦C.

This likely means that at ambient temperatures of 25 ◦C and above, the truck’s battery
would be thermally stable with the suggested parameters, avoiding issues like runaway,
whilst achieving optimal performance on typical drive cycles.
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Despite optimisation, Figure 16 showed poor BTMS performance at sub-zero tem-
peratures, and the system’s efficiency was not evaluated. These could likely be improved
through the implementation of a battery preheating controller to improve low-temperature
performance, with studies showing 40 ◦C temperature rises within an hour being possi-
ble [60]. This would allow the truck’s battery to operate in its optimal temperature range
with just 1 h of preheating. Studies have also shown that P.I.D style controllers can allow for
reductions in operational time of BTMS during driving cycles, whilst maintaining thermal
stability [61]. These could be used to reduce parasitic power draw, ultimately helping to
improve battery range and BTMS efficiency.

5. Conclusions

This study develops a novel methodology, presenting the findings of an investigation
into the electrical and thermal performance of a battery pack designed for a heavy-duty
truck. The analysis employed 1D simulation techniques, utilising AVL CRUISE M and
MATLAB Simulink Simscape R2023b, to evaluate the system under representative dynamic
driving conditions. This approach allowed for a detailed assessment of energy consump-
tion, state of charge (SoC), temperature fluctuations, and the effects of various cooling
configurations while minimising computational costs. The simulations were conducted
over two real-world drive cycles, providing valuable insights into the performance of the
proposed battery pack design. The key findings of this investigation are as follows:

• As cell ageing progresses and the initial SoC decreases, the suitability of the bat-
tery pack for long-distance travel diminishes significantly, indicating that battery
degradation plays a critical role in reducing range capabilities.

• Despite ageing, cells may exhibit improved range performance from regenerative
braking during drive cycles, suggesting that drive cycle regeneration can partially
offset the impacts of cell degradation.

• Increasing the coolant flow rate to 18 LPM and actively controlling the inlet tempera-
ture within ±7.8 ◦C were found to significantly enhance thermal regulation, resulting
in an 80%+ improvement in thermal stability under ambient conditions of 25 ◦C
and 40 ◦C.

• The predicted single-charge range of the vehicle varied based on drive conditions, with
a maximum range of 285 km, which underscores the variability in battery performance
depending on real-world operating conditions.

The integration of AVL CRUISE M and MATLAB/Simulink Simscape R2023b in the
simulations provided a comprehensive platform for both electrical and thermal analysis,
offering a high degree of accuracy and flexibility. These tools were crucial in capturing
the complex interactions between the battery pack’s electrical behaviour and its thermal
management system.

While this study’s results offer a solid foundation for advancing electric propulsion
systems in heavy-duty trucks, further design optimisation and experimental validation are
needed. Future research should focus on validating the electrical and thermal performance
of the proposed system through practical testing, incorporating parasitic power draws from
auxiliary components such as pumps and compressors into the simulations, considering
the effects of charging system behaviour, and developing a more robust BTMS tailored for
electric heavy-duty vehicles. Also, higher C-rates should be considered for the analysis.

This investigation provides valuable insights into the performance and feasibility
of battery packs in heavy-duty electric trucks, especially concerning their thermal and
electrical characteristics in dynamic driving conditions. This study highlights the need for
further cooling optimisation and increased battery longevity. As electric mobility continues
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to evolve, this research will contribute to the goal of achieving more sustainable and
efficient heavy-duty electric vehicles.
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Abstract: This paper proposes a new topology for a battery management system (BMS) with
active cell balancing capable of exchanging energy between an electric vehicle’s traction
and auxiliary batteries. This topology facilitates energy exchange between any cell in
the traction battery pack and with the auxiliary battery. The proposed topology allows
both the selection of the cells involved in the balancing process and the charging of the
auxiliary battery, eliminating the need for a dedicated dc-dc isolated power converter. The
flexibility of this topology allows the adoption of different balancing strategies, which can
be used to improve balancing efficiency. The proposed topology was first analyzed through
computer simulations, and a laboratory BMS prototype was developed. The results from
the simulation and experimental tests validate the topology operation and its performance
in transferring energy between the cells and the auxiliary battery.

Keywords: active cell balancing; battery; battery management system; electric vehicles;
electric mobility

1. Introduction

Electric vehicles (EVs) are considered one of the leading technologies needed to reduce
the environmental impact of the transportation sector [1]. Nowadays, several fully electric
vehicles are under development, from light vehicles to cars and heavy vehicles, with several
hundred models already commercially available [2]. Regarding aircraft, electrification is at
an earlier stage, but it is expected to follow the same trend as land vehicles [3].

One of the most critical EV components is the energy storage and management
system, which requires high capacity, low weight, compactness, and effective thermal
management [4]. EV energy is generally stored in a battery pack containing several
elementary cells connected in and/or parallel. To ensure that the cells operate safely and
efficiently, they are usually equipped with a supervisory electronic circuit known as a
battery management system (BMS) [5]. A BMS should perform monitoring and protection
functions, contributing to the integrity and longevity of the cells. To achieve this, it is
necessary to measure parameters, such as voltage, current, and operating temperature, to
estimate parameters, such as the state of charge (SoC), depth of discharge (DoD), state of
health (SoH), and internal resistance [6].

The determination of the SoC is one of the key challenges when dealing with batteries,
as discussed in [7]. This is because the methods available for estimating the SoC only
approximate this value. The accuracy of SoC estimation can vary significantly depending
on the type of battery and the available processing power. The most common methods
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for estimating the SoC are [8]: open circuit voltage-based methods (OCVMs); Coulomb
counting (Ah Counting); resistance spectroscopy-based methods (ISBMs); model-based
methods (MBMs); and artificial neural network-based methods (ANNBMs). OCVMs are
simple to apply, relying on a predefined relationship between the open circuit voltage (OCV)
and the SoC. However, during the operation of most batteries, this relationship can change
with temperature and battery deterioration, making the estimation more challenging. To
obtain more accurate results, in the case of lithium cells, as described in [8], the battery
must be disconnected from the circuit and left to rest during its relaxation time, enabling
the OCV to stabilize.

Another relevant feature of the BMS is ensuring the balancing of the battery cells’
charge. Due to slight differences in construction and internal parameters, which increase
with charge–discharge cycles and battery lifetime, the energy storage capacity may differ
from cell to cell. These differences cause imbalances between the SoC of the cells during
normal battery use. Some cells achieve a higher SoC than others, and when a cell with
a lower SoC reaches its minimum voltage threshold, the battery stops supplying power
even if the remaining cells still have energy to prevent damaging the cell with the lowest
SoC [9]. This results in lower battery autonomy, as there is still energy in the battery, but
it cannot be used because the cell has reached the minimum voltage limit. On the other
hand, during charging, the cells that retained some energy during discharge will charge
faster than those that were more discharged, preventing these cells from reaching 100%
SoC, thereby creating a cyclical imbalance that exacerbates the issue.

To mitigate this problem, it is necessary to balance the cells to ensure they maintain an
equal charge level, thus maximizing battery autonomy [10]. However, the potential of cell
balancing has not been well explored, as most BMSs on the market use passive balancing
techniques based on dissipating excess energy from the most charged cells through a
resistor until they reach the same SoC as the lowest SoC cell [11]. Dissipating energy from
the highest SoC cells through resistors is an inefficient and wasteful method of balancing
the cells, highlighting the need and opportunity to improve BMSs, particularly regarding
balancing circuits [12].

Concerning the research on active balancing circuits for battery cells, the topologies
are usually classified according to the main element used in the energy transfer as inductor-
based, capacitor-based, and transformer-based topologies [6].

Regarding inductor-based topologies, in [13], the authors propose a balancing cir-
cuit where the inductor is the main energy storage element. The circuit, composed of
six switches, four capacitors, and three inductors, allows the balance of four cells in a
series configuration. An active balancing circuit based on a switched-inductor buck-boost
converter with the ability to balance non-adjacent cells is presented in [14]. For a module
with three cells in series, the circuit uses two inductors and four switches. In [15], a two-stage
active cell-balancing circuit based on a buck-boost converter is proposed. It uses modules
consisting of three cells, two inductors, and four MOSFET switches, allowing module-to-
module balancing in the first stage and balancing between two cells in a module in the second
stage. The authors of [16] propose a new active flying inductor balancing circuit that enables
direct energy transfer between any two cells, requiring only one inductor as an intermediate
storage element. In [17], the authors propose a new chain-structured cell-balancing circuit
using coupled-inductor-based modules achieving high cell-balancing speed.

In terms of capacitor-based topologies, the authors of [18] propose a novel switched-
capacitor cell-balancing circuit with a resonant design, allowing all switches employed in
the balancing circuit to operate under zero-current switching, thus improving efficiency
and performance. The work in [19] proposes an active balancing circuit with two operating
modes: any cell to any cell (AC2AC) and direct cell to cell (DC2C). The AC2AC mode is
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equivalent to a switched capacitor (SC), and the energy is transferred among all imbalanced
cells. The DC2C mode is equivalent to a three-resonant-state LC unit, allowing energy
transfer from the highest voltage cell to the lowest voltage one.

Transformer-based topologies, also known as isolated topologies, use transformers
as the main element in energy transfer. The work in [20] proposes an enhanced switching
pattern for an active balancing circuit based on a multi-winding transformer. The circuit,
operated in flyback and buck-boost modes, allows the transfer of energy between arbitrary
cells. The authors of [21] propose a near-field coupling wireless active cell balancing circuit
using planar coupled inductors for high-capacity and high-power battery applications. The
work in [22] proposes a novel active cell balancer that supports bidirectional cell balancing
operation with very high efficiency, based on an isolated bidirectional dc-dc converter-
based active cell balancer. A robust and scalable active battery management system is
proposed in [23]. The circuit uses an isolation transformer with two diodes connected to
each cell in the battery stack, enabling both accurate cell voltage monitoring and active cell
balancing. A cell-to-cell balancing circuit with a bidirectional flyback converter is proposed
in [24]. The primary side of the bidirectional flyback converter is connected to the battery
pack, and the secondary side is connected to each cell, allowing it to discharge the cell with
the highest voltage and charge the cell with the lowest voltage simultaneously.

This paper proposes a new BMS topology for actively balancing battery cells. Unlike
other BMSs in the literature, the proposed topology allows the exchange of energy between
any cell in the pack as well as with the auxiliary battery of the EV. The main contributions
of the proposed BMS topology are:

• Direct energy transfer from the highest SoC to the lowest SoC cell without the involve-
ment of the remaining battery cells.

• Ability to transfer energy between different combinations of cell pairs. For example,
at a given moment, n highest SoC cells can transfer energy to m lowest SoC cells
(n, m ∈ N && n, m > 0 && n + m ≤ Total_o f _cells).

• Capability to transfer energy between the cells and the auxiliary battery, ensuring
it remains charged. It allows, for instance, that only the highest SoC cells contribute
to the auxiliary battery, the number of involved cells increasing or decreasing based
on demand.

• Option of transferring energy from the service battery to the cells. While this function-
ality may not be relevant in EVs, it could be useful in other contexts.

All these features significantly contribute to more efficient balancing, opening the
possibility of applying different balancing strategies that can be optimized based on the
initial SoC or vehicle behavior history, allowing for improved battery autonomy.

This work is organized as follows: Section 1 introduces BMS technology and reviews
the literature. Section 2 presents the proposed topology and describes its working principle
and functionalities. Section 3 presents a simulation analysis of the proposed topology.
Section 4 presents and discusses the experimental results obtained with a small-scale
developed prototype implementing the proposed topology. Finally, Section 5 presents the
main achievements and conclusions of the work.

2. New BMS Topology

BMS balancing circuits can be classified into two groups: passive balancing and active
balancing. Passive balancing circuits are easy and simple to implement; however, they are
inefficient in terms of energy conservation. These circuits consist of connecting a resistor
in parallel with the highest SoC cells, a topology known as fixed resistor balancing, or
switching a resistor in parallel with the highest SoC cells, which allows better control on
the dissipated power, a topology known as switched resistor balancing.
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Regarding active balancing, which consists of transferring energy from cells with a
larger SoC to cells with a smaller SoC, the number of available topologies is very large,
with several of them having been discussed in Section 1. Figure 1 clearly demonstrates the
energy benefits that can come from active balancing compared to passive balancing. In this
illustrative figure, a reduced number of cells are used to highlight the superiority of active
balancing over passive balancing. The initial SoC of the cells is: Cell A 20%, Cell B 60%,
Cell A 80%, and Cell A 80%. As can be seen, by applying passive balancing, the final SoC
of the cells is 20%, whereas by applying active balancing, the final SoC is 60%, which is a
significant difference.

(a) 

(b) 

(c) 

Cell (A) Cell (B) Cell (C) Cell (D)

Cell (A) Cell (B) Cell (C) Cell (D)

Cell (A) Cell (B) Cell (C) Cell (D)

Figure 1. Passive versus active balancing: (a) Initial SoC before balancing; (b) SoC after passive
balancing; (c) SoC after active balancing.

Observing Figure 1, it is intuitive to conclude that the strategy for obtaining more
efficient balancing consists of transferring 20% SoC from cells C and D to cell A, keeping
cell B unchanged. However, most active balancing circuits only allow the exchange of
energy between neighboring cells, making it impossible to implement the most efficient
balancing strategy. Thus, for the situation presented in Figure 1, balancing would involve
transferring energy from cell B to A, from cell C to B, and finally, from cell D to C, repeating
the process until all cells have the same SoC. This involves a high set of energy conversions,
causing part of the energy that can be used to be wasted during the conversions carried out
until balancing is complete. This limitation ends up being a disadvantage of these simpler
active balancing topologies.

The proposed topology aims to overcome these limitations by creating a common
dc-bus that allows for, at any time, the ability to define which batteries are involved in the
balancing process and control the energy flow between them. In electric vehicle applications,
the common bus can be connected to the auxiliary battery, greatly improving system function-
ality. In other applications, the bus can be connected to one of the cells, maintaining the main
functionalities. It is important to note that for all cells to be able to exchange energy with the
bus, a galvanically isolated bidirectional dc-dc converter is required.

Figure 2 presents a block diagram illustrating the proposed BMS topology and a
possible active balancing strategy based on the initial SoC of the cells. In the figure,
the arrows represent the energy flow in each point of the circuit, with their thickness
proportional to the energy transfer rate (active power). As shown, the cells are connected
in series and isolated from the dc-bus and auxiliary battery through bidirectional isolated
dc-dc converters. This configuration allows each cell at each instant to inject or absorb
energy from the dc-bus independently. The energy in the auxiliary battery is not directly
controlled but can be regulated indirectly by operation of each cell’s converter. When
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the total power injected into the dc-bus exceeds the total power absorbed, the excess
energy follows to the auxiliary battery. Conversely, if the power injected equals the power
absorbed, there is no energy transfer, i.e., the dc-bus voltage equals the auxiliary battery
voltage, and the current is zero, resulting in zero active power. A key advantage of the
proposed topology is its ability to charge the auxiliary battery or directly supply the loads
connected to it. When the current injected by the cells into the dc-bus matches the load
current, the auxiliary battery neither charges nor discharges, maintaining a constant SoC.
Furthermore, in this case, balancing a high-voltage cell directly with the auxiliary battery
requires only a single energy conversion, being twice as efficient as traditional cell-to-cell
balancing, which involves two energy conversions (Cell B to dc-bus and dc-bus to Cell A).

 

+ Vpack

Bidirectional  
Isolated 

Converter

80 % 97 %99 %
Cell (A) Cell (B) Cell (C)

Bidirectional  
Isolated 

Converter

Bidirectional  
Isolated 

Converter

85 %
Cell (D)

Bidirectional  
Isolated 

Converter

 Vpack

90 %
Auxiliary Battery

Figure 2. Illustration of the proposed BMS topology architecture with active cell balancing strategy.

2.1. Dc-Dc Bidirectional Isolated Converter

The isolated dc-dc converter in the proposed BMS topology enables energy transfer
between the individual cells and the common dc-bus. For active balancing to be effective,
the converter must operate with high efficiency, minimizing losses during energy redistri-
bution. Additionally, it should be compact and inexpensive to maintain the overall size
and cost of the BMS acceptable.

Among the topologies studied, the bidirectional flyback converter was selected due
to its simplicity, suitability for the desired power range, and low component count. These
features make it particularly attractive for the BMS under development. Figure 3 shows the
schematic of the bidirectional flyback converter used in the active cell balancing circuit. As
show, the converter consists of a flyback transformer, an electromagnetic element consisting
of two isolated inductors sharing the same magnetic core, two MOSFETs with integrated
reverse diodes, and two capacitors. In other words, the low component count enables a
compact and cost-effective design. It should be noted that the capacitors are not essential;
they are only intended to mitigate current spikes in the cells.

Auxiliary 
Battery

vbaux

vcell
Cell

MOSFET2 MOSFET1

Flyback Transformer
1:1

L1L2

vL2 vL1

Figure 3. Bidirectional flyback converter used in the proposed BMS for active cell balancing.

The operation of the bidirectional flyback converter is straightforward. To transfer
energy from the cell to the auxiliary battery, a pulse width modulation (PWM) signal must
be applied to MOSFET2, while MOSFET1 remains off. The power increases with the duty
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cycle of the PWM signal. For energy transfer in the opposite direction, the process is
reversed, MOSFET2 is turned off, and a PWM signal is applied to MOSFET1.

The converter’s operation is symmetrical, so a more detailed analysis of its operation
will only be carried out in the process of transferring energy from the cell to the auxiliary
battery, with MOSFET1 always being turned off and only its internal diode intervening in
the process. Thus, assuming all components are ideal and a turn ratio of 1:1 in the flyback
transformer, the following can be stated:

• MOSFET2 ON (tON)—When MOSFET2 is turned ON, vL2 = vcell and the inductor
current increases at a constant ratio, iL2 = 1

L2

∫
vcell dt. Assuming vcell constant during

tON, then iL2 = vcell tON
L2

, and the energy stored in the inductor increases at a constant

rate, reaching the final value of EL2 = (vcell tON)2

2L2
. During tON, considering the polarity

of the flyback transformer winding, vL1 = −vcell , causing the MOSFET1 diode to be
reverse biased, preventing the circulation of current in L1.

• MOSFET2 OFF (tOFF)—When MOSFET2 is turned OFF, the path for current iL2 is
interrupted and the L2 inductor voltage instantaneously goes negative vL2 = −vbaux.
A negative voltage on L2 causes a positive voltage to appear on L1, vL1 = vbaux,
directly biasing the diode of MOSFET1, allowing the energy stored in the flyback
transformer to flow to the auxiliary battery. During tOFF, the current in L1, which
instantly reaches the maximum value, decreases at a constant rate as the energy stored
in the transformer decreases.

These two states are repeated, ensuring a continuous flow of energy from the cell
to the auxiliary battery. Two scenarios can occur depending on the duty cycle and the
frequency of the PWM signal.

Firstly, if all the energy stored in the flyback transformer is discharged into the auxiliary
battery and, when MOSFET2 has turned ON again, the current starts from zero, then the
converter will be operating in discontinuous mode. In this mode, the converter efficiency
will be better, and the stress on the semiconductors will be lower.

Secondly, if energy remains stored in the transformer when MOSFET2 is turned on,
the current will increase from an initial value greater than zero, and the converter will
operate in continuous mode. In this mode, the power density is higher, but the stress on
the semiconductors increases.

This work explores the converter in discontinuous mode, though both modes are
possible within the proposed concept. Further details on the converter’s operation will be
presented in Sections 3 and 4, based on simulation and experimental results.

2.2. Distributed Architecture

This work aimed to develop a modular BMS topology that is scalable for a large
number of cells. Therefore, a distributed architecture based on a master–slave hierarchy
was chosen. The design features a master module connected to the auxiliary battery,
which performs most of the typical BMS functions, including monitoring the battery pack
current and providing features, such as overcurrent protection, Coulomb counting, SoC
estimation, and CAN communication with the other EV subsystems. The master is also
responsible for monitoring the voltage and temperature of the auxiliary battery, as well
as receiving information about the voltage and temperature of each cell through a digital
communication bus. For this work, the use of a slave for each cell was implemented,
utilizing a RS485 bus communication. The RS485 was chosen to avoid the need for more
expensive microcontrollers with built-in CAN peripherals.

Regarding the BMS architecture, many other options could have been considered, such
as using a slave module for a set of 4 or 5 cells, using other communication technologies,
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etc. However, this is not the main focus of this work; the objective was to obtain a flexible
and functional BMS topology. Figure 4 shows a simplified schematic of the distributed
BMS topology where the master and three slaves are represented.
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Figure 4. Simplified schematic of the BMS distributed topology.

The master microcontroller powered by the auxiliary battery is responsible for the
entire operation of the system. On the other hand, the slave microcontrollers, powered
by the cells, communicate with the master through a galvanically isolated RS485 bus,
providing the master with information about the status of the monitored cell and receiving
orders to send or receive energy from the balancing circuit.

The PWM signals applied to the converter MOSFETs are generated locally by the slave
microcontrollers. During the project, several precautions were taken to ensure the proper
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operation of the microcontrollers throughout the entire voltage range of the cells. More
details on the selected components are presented in Section 4.

The topology proposed in this work allows energy transfer between any cell to any
cell through a dc-bus connected to the auxiliary battery of the EV, enabling the energy
exchange between the traction battery (high power, high voltage) and the auxiliary battery
(low power, low voltage). This flexibility in energy exchange supports a wide range of
balancing strategies. The greater the number of cells, the greater the number of balancing
combinations. Appendix A presents and describes an example code synopsis for a possible
balancing strategy.

3. Simulation of Dc-Dc Bidirectional Isolated Converter

This section presents the results obtained through computer simulations, developed
with PSIM 9.1 software, related to the dc-dc bidirectional isolated converter. Nowadays,
simulation is an important step in the sizing of power electronics converters and in im-
proving control algorithms. If the converter parameters are modeled accurately and the
simulations are conducted properly, the results obtained serve as a good indicator of what
the converter’s behavior will be experimentally.

For this work it was defined that the cells to be used would be of lithium iron phos-
phate (LiFePO4) technology with a 3.2 V nominal voltage, and the auxiliary battery would
be of lead-acid technology with a nominal voltage of 12.8 V. It was also defined that the
balancing current would range between 0.1 and 1 A.

Based on these parameters, a search was carried out for flyback transformers best
suited for this application. A transformer with three windings, one primary and two secon-
daries, was selected: the WE-FLYLT 750313973 from Würth Elektronik (Würth Elektronik
eiSos GmbH & Co. KG, Waldenburg, Germany). Figure 5 shows the schematic of the
flyback transformer windings arrangement, pinout, and typical operation characteristics.
The main electrical specifications of the flyback transformer are presented in Table 1. In
this work, the winding N1 is connected to the high-side voltage (auxiliary battery), and
the windings N2 and N3 are connected in parallel to the low-side voltage (cell), effectively
forming a single winding.

5

1

4

7

6

8Primary
8 –  32 V

200 –  300 kHz

Secundary
3.3V  500 mA

Secundary
3.3 V  500 mA

Figure 5. Flyback transformer windings arrangement and pinout.

Table 1. Electrical properties of the flyback transformer WE-FLYLT 750313973.

Parameter Test Conditions Value

Inductance, L (1–4) 100 kHz, 100 mV 40 μH, ±10%
Turns ration, n N1:N2:N3 4:1:1

Saturation current (1–4) |ΔL/L| < 20% 2 A, typ.
Dc resistance, RDC1 (1–4) 20 ◦C 0.08 Ω, max.
Dc resistance, RDC2 (6–8) 20 ◦C 0.04 Ω, max.
Dc resistance, RDC3 (5–7) 20 ◦C 0.04 Ω, max.

Leakage inductance, Ls (1–4) 100 kHz, 100 mV 1 μH, max.
Insulation test voltage, VT From N1 to N2, N3 1500 V (ac)
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To simulate the flyback transformer, the “coupled inductor” component was used.
Considering L11 and L22 as self-inductances of the primary and secondary windings,
respectively, and L12 and L21 as the mutual inductances, the voltages and currents in the
primary (v1, i1) and secondary (v2, i2) windings are related as follows:

[
v1

v2

]
=

[
L11 L12

L21 L22

]
d
dt

[
i1
i2

]
. (1)

Considering mutual inductances of equal value, i.e., L12 = L21, the transformer
coupling factor, k, can be calculated by:

k =
L12√

L11L22
⇐⇒ L12 = k

√
L11L22. (2)

The coupling factor gets a value between 0 and 1. The higher the coupling factor, the
better, and in the limit, 1 represents ideal coupling.

The self-inductance values are proportional to the square of the number of turns.
Therefore, if N1 is the primary winding turns number and N2 the secondary winding turns
number, then the relation between the self-inductances can be obtained by:

L11

L22
=

N2
1

N2
2

(3)

Knowing that L11 = 40 μH (from Table 1), L22 will be 2.5 μH, given that the transformer
ratio is 4:1. The relation between the primary sell inductance (L11) and the primary leakage
inductance (Lσ

11) is obtained by (4), where k is the windings coupling factor.

Lσ
11 = L11(1 − k) (4)

Using Lσ
11 = 1 μH, (from Table 1), the coupling factor value of k = 0.975 was obtained.

Thus, the value of mutual inductance can be calculated, L12 = L21 = 9.75 μH. The
transformer parameters for the simulation are summarized in Table 2.

Table 2. Flyback transformer simulation parameters.

Parameter Value

Primary winding inductance, L11 40 μH
Secondary winding inductance, L22 2.5 μH

Turns ratio, n 4:1
Mutual inductance, L12 = L21 9.75 μH

Primary winding dc resistance, RDC1 0.08 Ω
Secondary winding dc resistance, RDC2 0.02 Ω

Figure 6 presents the schematic of the bidirectional flyback converter used in the
simulation. Unlike the circuit presented in Figure 3, this circuit accounts for the components’
parasitic elements to achieve more realistic results. Table 3 presents the values of the
components used in the simulation model.

Analyzing the operation in the energy transfer mode from the cell to the auxiliary
battery, MOSFET1 is always OFF, and two different states arise depending on the state of
MOSFET2.
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Figure 6. Schematic of the bidirectional flyback converter used in the simulation.

Table 3. Simulation parameters.

Parameter Value

Primary capacitor, C1 100 μF
Equivalent series resistor (ESR) of C1, RC1 5 mΩ

Secondary capacitor, C2 100 μF
Equivalent series resistor (ESR) of C2, RC2 5 mΩ

Cell internal resistance, Rcell 2 mΩ
Cell internal inductance, Lcell 10 nH

Auxiliary battery internal resistance, Rbaux 8 mΩ
Auxiliary battery internal inductance, Lbaux 10 ηH

Switching frequency, fs 250 kHz

Figure 7 represents the two states mentioned, where Figure 7a shows the components
involved in the energy transfer from the cell to the flyback transformer during tON, and
Figure 7b shows the components involved in the energy transfer from the flyback transformer
to the auxiliary battery during tOFF. Greyed-out components are not used in these states.

(a) 

(b) 

Figure 7. Bidirectional flyback converter transferring energy from the cell to the auxiliary battery:
(a) During tON, when MOSFET2 is ON; (b) During tOFF, when MOSFET2 is OFF.

Figure 8 presents the simulation results of the bidirectional flyback converter trans-
ferring energy from the cell to the auxiliary battery. Figure 8a shows the pulse width
modulation (PWM) signal of MOSFET2. Figure 8b shows the secondary winding voltage
(vsec) when MOSFET2 is ON, vsec is equal to vcell, and vprim is negative with four times more
amplitude. When the MOSFET2 is turned OFF, vsec becomes negative with a quarter of the
auxiliary battery voltage amplitude, and vprim is positive and equal to the auxiliary battery
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voltage. The winding voltages become zero when all the energy stored in the transformer
is transferred to the auxiliary battery. This demonstrates that the converter operates in
discontinuous mode.
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Figure 8. Simulation results of the bidirectional flyback converter transferring energy from the cell to
the auxiliary battery: (a) PWM signal of MOSFET2; (b) Voltages in the transformer secondary and
primary windings; (c) Currents in the transformer secondary and primary windings; (d) Instantaneous
power in the transformer secondary and primary windings.

Figure 8c shows the secondary and primary currents. When MOSFET2 is turned ON,
isec increases at a constant rate, starting from zero. When the MOSFET2 is turned OFF, isec

ceases and iprim instantaneously reaches its maximum value before decreasing at a constant
rate until zero. The maximum value of isec is four times greater than the maximum value of
iprim, due to the transformation ratio.

Figure 8d shows the instantaneous power in the transformer’s secondary and primary
windings. The area of the trapezoid, psec, corresponds to the energy transferred from the
cell to the flyback transformer. The area of the trapezoid, pprim, corresponds to the energy
transferred from the flyback transformer to the auxiliary battery and is positive because of
the assumed direction of the auxiliary battery current (see Figure 6).

These results demonstrate the correct operation of the bidirectional flyback trans-
former transferring energy from the cell to the auxiliary battery. As the converter operates
symmetrically, the results of transferring energy from the auxiliary battery to the cell are
redundant and are not presented.

4. Experimental Validation of the Dc-Dc Bidirectional Isolated Converter

This section presents the results obtained with the BMS prototype developed using
the proposed topology. The experimental setup used to acquire the results consists of three
3.2 V, 100 Ah, LiFePO4 cells connected in series (one per slave module). A 12 V, 45 Ah
lead-acid battery was used to emulate the EV’s auxiliary battery. A four-channel Tektronix
TPS 2024B oscilloscope (Tektronix, Beaverton, OR, USA) and a Tektronix A6302 current
clamp were used to capture the results.

Figure 9 presents the BMS prototype developed for experimental tests. Figure 9a
shows the master PCB, Figure 9b shows the slave PCB, Figure 9c shows the prototype
assembled with three series of 3.2 V, 100 Ah LiFePO4 cells, and a 12 V lead-acid battery,
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ready for tests, and Figure 9d shows a detail of current and voltage probes used during
experimental tests.

 
(a) 

 
(b) 

(c) 
 

(d) 

Figure 9. Developed laboratory prototype of the BMS: (a) Master module; (b) One of the three slave
modules; (c) BMS assembled with three cells and auxiliary battery; (d) Detail of current and voltage
probes used during experimental results acquisition.

4.1. Energy Transfer from the Cell to the Auxiliary Battery

During energy transfer from the cell to the auxiliary battery, the MOSFET1 is kept
OFF, and a PWM signal is applied to MOSFET2. The energy transfer occurs in two steps:
during tON, the energy is transferred from the cell to the flyback transformer; during tOFF,
the energy is transferred from the flyback transformer to the auxiliary battery.

Figure 10 presents experimental results during the energy transfer from the cell to
the auxiliary battery. The results in Figure 10a refer to the secondary side of the flyback
transformer and show the energy transfer from the cell to the flyback transformer. During
tON, the secondary winding voltage (vsec) is equal to the cell voltage (vcell), the secondary
current (isec) increases almost linearly, and the instantaneous power (psec) has similar
behavior to isec. During tOFF, the secondary winding voltage (vsec) is equal to −¼ of the
auxiliary battery voltage (vbaux), the secondary current (isec) is zero, and, as a result, the
instantaneous power (psec) is also zero. As expected, the cell voltage (vcell) does not undergo
any changes during the two-time intervals.

The results in Figure 10b refer to the primary side of the flyback transformer and show
the energy transfer from the flyback transformer to the auxiliary battery. During tON, the
primary winding voltage (vprim) is equal to −4 vcell, the primary current (iprim) is zero, and
the instantaneous power (pprim) is also zero. During tOFF, the primary winding voltage
(vprim) is equal to the auxiliary battery voltage (vbaux), the primary current (iprim) instanta-
neously reaches its maximum value and decreases almost linearly, and the instantaneous
power (pprim) follows a similar behavior to iprim. As expected, the auxiliary battery voltage
(vbaux) does not undergo any changes during the two-time intervals.

The results obtained when transferring energy from the cell to the auxiliary battery
correspond to what was expected. The waveforms obtained from both the primary and
secondary sides of the flyback transformer are very similar to the simulation results, with
only minor differences due to the non-ideal nature of the real electronic components and
limitations of the measuring instruments.
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(a) 

 
(b) 

Figure 10. Experimental results of the BMS prototype transferring energy from the cell to the
auxiliary battery: (a) PWM signal applied to MOSFET2, voltage in the secondary winding of flyback
transformer, current in the secondary winding of flyback transformer, cell voltage, and instantaneous
power in the secondary winding of flyback transformer; (b) PWM signal applied to MOSFET2,
voltage in the primary winding of flyback transformer, current in the primary winding of flyback
transformer, auxiliary battery voltage, and instantaneous power in the secondary winding of flyback
transformer.

4.2. Energy Transfer from the Auxiliary Battery to the Cell

During the energy transfer from the auxiliary battery to the cell, MOSFET2 is kept
OFF, and a PWM signal is applied to MOSFET1. The energy transfer occurs in two steps:
during tON, the energy is transferred from the auxiliary battery to the flyback transformer;
during tOFF, the energy is transferred from the flyback transformer to the cell.

Figure 11 presents the experimental results during the energy transfer from the aux-
iliary battery to the cell. The results in Figure 11a refer to the primary side of the flyback
transformer and show the energy transfer from the auxiliary battery to the flyback trans-
former. During tON the primary winding voltage (vprim) is equal to the auxiliary battery
voltage (vbaux), the primary current (iprim) decreases almost linearly, and the instantaneous
power (pprim) has similar behavior to iprim. The reason for obtaining negative values for
iprim and pprim is the direction assumed as positive for iprim (see Figure 6).

The results in Figure 11b refer to the secondary side of the flyback transformer and
show the energy transfer from the flyback transformer to the auxiliary battery. During
tON the secondary winding voltage (vsec) is equal to −¼ vbaux, the secondary current (isec)
is zero, and consequently, the instantaneous power (psec) is also zero. During tOFF, the
secondary winding voltage (vsec) is equal to vcell, the secondary current (isec) instantaneously
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decreases until the minimum value and then increases almost linearly until zero, and the
instantaneous power (psec) has similar behavior to isec.

 
(a) 

 
(b) 

Figure 11. Experimental results of the BMS prototype transferring energy from the auxiliary battery to
the cell: (a) PWM signal applied to MOSFET1, voltage in the primary winding of flyback transformer,
current in the primary winding of flyback transformer, auxiliary battery voltage, and instantaneous
power in the primary winding of flyback transformer; (b) PWM signal applied to MOSFET1, voltage
in the secondary primary of flyback transformer, current in auxiliary battery, auxiliary battery voltage,
and instantaneous power in the auxiliary battery.

As before, the results obtained when transferring energy from the auxiliary battery to the
cell align with the expectations. The results in this mode are practically symmetrical to the sig-
nals obtained in the previous mode. Once again, the waveforms presented highlight the non-
ideal nature of the real electronic components and limitations of the measuring instruments.

Figure 12 presents experimental results during the energy transfer from the cell to the
auxiliary battery to assess power conversion efficiency.

The results in Figure 12a refer to the secondary side of the flyback transformer and
show the energy transfer from the cell to the flyback transformer. During tON, the secondary
winding voltage (vsec) is equal to the cell voltage (vcell), the cell current (icell) increases, and
the instantaneous power (psec) has similar behavior to icell. During tOFF, the secondary
winding voltage (vsec) is equal to −¼ of the auxiliary battery voltage (vbaux), the secondary
current (isec) is zero, but the cell continues to charge the capacitor C2 (Figure 7) and, as a
result, the cell current decreases as the capacitor voltage increases. As expected, the cell
voltage (vcell) does not undergo any changes during the two-time intervals.
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(a) 

 
(b) 

Figure 12. Experimental results of the BMS prototype transferring energy from the cell to the auxiliary
battery: (a) PWM signal applied to MOSFET2, voltage in the primary winding of flyback transformer,
current in the cell, cell voltage, and instantaneous in the cell; (b) PWM signal applied to MOSFET2,
voltage in the secondary winding of flyback transformer, current in the auxiliary battery, auxiliary
battery voltage, and instantaneous power in the auxiliary battery.

The results in Figure 12b refer to the primary side of the flyback transformer and
show the energy transfer from the flyback transformer to the auxiliary battery. During
tON, the primary winding voltage (vprim) is equal to −4 vcell. As a consequence of capacitor
C2 (Figure 7) and the high impedance of the dc-bus wiring acting as a low-pass filter, the
auxiliary battery current (ibaux) is almost constant, and the instantaneous power in the
auxiliary battery (pbaux) has similar behavior. As expected, the auxiliary battery voltage
(vbaux) does not undergo any changes during the two-time intervals.

Considering the active power measured by the oscilloscope, the efficiency of the power
converter can be calculated as 0.843 (1.56/1.85), almost 84%.

The experimental results obtained confirm the flexibility and reliability of the bidirec-
tional flyback converter in transferring energy both from the cell to the auxiliary battery and
in the opposite direction, proving to be a valid choice for the distributed BMS architecture
with active balancing. The measured power conversion efficiency was quantified as 84%.
The authors believe that with an increase in the dc-bus wiring section and some improvements
to the circuit such as in the layout, the adoption of an external diode, Schottky type, to be
placed in parallel with the internal diodes of the MOSFET1 and MOSFET2, it will be possible
to obtain an efficiency greater than 90%. Another aspect to be improved in a new version
of the BMS prototype relates to safety and fault protection. The adoption of fuses should be
considered in the event of insulation failure in the flyback transformer to isolate the failure.
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Regarding communications, the use of an optical fiber ring topology, or even a wireless
topology, could be considered but at an additional cost. Finally, a technique to enhance the
resistance of the circuits against external factors is to immerse them in epoxy resin.

5. Conclusions

This paper proposes a new BMS topology with distributed architecture, active cell
balancing, and the capability to exchange energy between any cells in the traction pack
and with the EV auxiliary battery. The proposed topology is based on a master/slave
architecture where the master module monitors the auxiliary battery, and each of the slave
modules monitors one of the pack cells. All the models are connected to a communication
bus based on an RS-485 physical layer.

A bidirectional flyback converter was used to transfer energy between each of the pack
cells, with a common dc-bus connected to the auxiliary battery, facilitating the exchange of
energy between any cell in the traction battery pack and with the auxiliary battery, allowing
at each time, the selection of the cells involved in the balancing process, and enabling
charging of the auxiliary battery if necessary.

The flexibility of the proposed BMS permits different balancing strategies, improving
the balancing efficiency. The active cell balancing circuit was analyzed through computer
simulations and tested experimentally in a developed small-scale laboratory prototype.
The simulation and experimental results validated the ability of the system to transfer
energy between the cells and the auxiliary battery, proving to be a valid architecture for the
distributed BMS with active cell balancing. The power conversion efficiency was measured
as 84%. Despite the flexibility in energy transfer, the proposed topology presents some
limitations and potential disadvantages, such as higher volume, height, and cost, compared
to other BMS topologies, namely those with passive balancing.
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Abbreviations

The following abbreviations are used in this manuscript:

BMS battery management system
CAN controller area network
dc direct current
DoD depth of discharge
EV electric vehicle
MOSFET metal oxide semiconductor field effect transistor
PWM pulse width modulation
SoC state of charge
SoH state of health
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Appendix A

Figure A1 presents an example code synopsis for a balancing strategy applied to a
pack of 100 cells, 3.2 V/100 Ah (320 Wh), without involving the auxiliary battery (at the end
of balancing, the final energy in the auxiliary battery will be equal to the energy existing at
the beginning of balancing) based on OCVM. To implement this strategy, the BMS measures
the initial cell voltages to estimate their initial SoC (cell_SoC[i]) and the initial total SoC (to-
tal_SoC). Dividing the initial total SoC by the number of cells gives their average initial SoC
(avg_initial_SoC). It then calculates the total energy to be transferred during cell balancing
(total_balancing_energy). Based on this amount of energy, the algorithm estimates the energy
losses in the power converter circuits (losses), considering two power conversions: from
the cell B to the dc-bus and from the dc-bus to cell A. The SoC after balancing (final_SoC)
will be equal to the initial SoC minus the losses during balancing. Based on the final SoC,
it is possible to estimate the cells’ balancing end voltage (target_cell_v). Then, the system
enters a balancing loop, ending when all the cells reach the target voltage. A hysteresis of
1% is applied to prevent the cells from entering consecutive charging/discharging states
and a hysteresis of 2% is applied to assume the cell as balanced. This value considers the
cell voltage rebound and assumes that the cells are balanced within a tolerance range of 2%
related to the target voltage.

 

#define N 100;//number of cells (from 0 to N-1) 

#define E_cell 320;//cell energy (Wh)corresponding to 100% SoC 

#define Efficiency 0.84;//efficiency of the power converter (90 %) 

int start_balancing(void){    

    total_SoC=0;  

    total_balancing_energy=0; 

    balanced_cells=0; 

    for (i=0;i<N;i++){ 

        cell_v=read_cell_voltage(i);//read cell voltage 

        cell_SoC[i]=estimate_cell_SoC(cell_v);//estimate cell SoC 

        total_SoC+=cell_SoC[i];//calculate total cells SoC 

    } 

    avg_initial_SoC=total_SoC/N;//calculate cells initial average SoC 

    for (i=0;i<N;i++){ 

        SoC_diff=cell_SoC[i]-avg_initial_SoC;//calculate difference between cell SoC and initial cells average SoC 

        total_balancing_energy+=abs(SoC_diff)*E_cell;//total energy (Wh) to be transferred during the balancing 

    } 

    losses=total_balancing_energy*(1-Efficiency)*2; //energy losses during balancing considering two energy conversions 

    final_SoC=total_SoC-(losses/E_cell);//calculate final SoC after balancing 

    avg_final_SoC=final_SoC/N;//calculate final average cell SoC after balancing (target SoC) 

    target_cell_v=estimate_cell_voltage(avg_final_SoC);//estimate the voltage corresponding to final cell SoC (target voltage)

    while(balanced_cells<N){ 

        for (i=0;i<N;i++){ 

            cell_v=read_cell_voltage(i);//read cell voltage 

            if (cell_v>target_cell_v*1.01)//considering a 1% margin of hysteresis 

            battery_command[i]=1;//discharging state 

            else if(cell_v < target_cell_v*0.99)//considering a 1% margin of hysteresis 

            battery_command[i]=2; //charging state 

            else if ((cell_v>target_cell_v*0.98)&&(cell_v<target_cell_v*1.02)){//1% additional for cell voltage rebound 

                battery_comand[i]=0;//off state 

                balanced_cells++;//increment number of balanced cells 

            } 

        } 

    } 

    return 0; // end of balancing 

} 

Figure A1. Example code synopsis of a balancing strategy for the pack cells without involving the
auxiliary battery.
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Abstract

This paper presents the design, implementation and experimental validation of a modular
battery management system (BMS) featuring active cell balancing. The proposed BMS
consists of a master module and multiple slave submodules responsible for monitoring and
balancing 22 cells connected in series. The master module collects voltage and temperature
data from the slave submodules and measures the battery current to estimate the cells’ state
of charge (SoC). Each slave module performs cell voltage and temperature measurements
and controls a balancing circuit based on dc-dc converters. This work describes in detail
the development and validation of the dc-dc converter based in the switched inductor
topology, presenting the converter’s operational principles, a theoretical and simulation-
based analysis of its performance, the implementation of the MOSFETs driver circuits based
on PNP transistors and experimental results obtained from a submodule prototype. The
results demonstrate the capability of the switched inductor converter to achieve effective
voltage equalization by transferring energy from the cells with higher voltages to cells with
lower voltages.

Keywords: active cell balancing; battery; battery management system; electric vehicles

1. Introduction

After several decades of limited progress, electric vehicles (EVs) have recently regained
significant momentum and are now widely recognized by experts as a key technology for
decarbonizing the mobility and transportation sectors [1].

One of the most critical EV components, which currently limits the large-scale adop-
tion of EVs, is the energy storage system. Despite advances in battery research, current
technologies rely on scarce and environmentally unfriendly materials, making batteries
one of the most expensive components and significantly increasing the overall cost of EVs.
In addition to the cost, the lithium-based battery technologies most widely used in EVs
are very electrically, thermally, and mechanically sensitive, requiring careful management
during operation and storage [2].

EV batteries are usually made up of hundreds of cells connected in series to achieve a
voltage high enough to efficiently drive an electric traction motor. Many manufacturers
divide the vehicle’s battery into submodules with a smaller number of cells. This modular-
ization simplifies handling and improves safety, since each submodule operates at a lower
voltage than the total battery pack. Another advantage of this modular approach is fault
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tolerance: in the event of a cell failure, the submodule can be disabled, allowing the vehicle
to continue operating with the remaining submodules [3,4].

To protect the cells mechanically and thermally, the battery enclosure must shield
them from mechanical impacts, accommodate volume variations during operation, and
ensure proper air or liquid flow for effective heat dissipation. From an electrical point of
view, cells are usually assembled with a battery management system (BMS) designed to
monitor and protect the cells, thereby preserving their state of health (SoH) [5].

A BMS is an embedded system composed of hardware and firmware that operates in
real time and performs several critical functions to preserve the SoH and enhance overall
battery performance. One of the most important functions of the BMS is the continuous
monitoring of all cell voltages to ensure compliance with the manufacturer’s specified
operating limits. This includes ensuring that the cell voltage remains above the minimum
threshold during discharge and below the maximum threshold during charging. Cells’
voltages are also used—alone or in conjunction with other parameters such as instantaneous
current—to estimate the state of charge (SoC) [6,7]. Cell temperature is another critical
parameter that must be continuously monitored.

Due to manufacturing tolerances, cells of the same model exhibit variations in internal
resistance and energy storage capacity. These differences tend to increase over time and
usage, requiring an additional BMS function: cell balancing [8].

Cell balancing can be classified as either passive (dissipative) or active (non-
dissipative). Passive balancing techniques operate by dissipating the excess of energy
of the most charged cells until voltage equalization is achieved across all the cells. The
dissipation is typically accomplished by connecting resistors across the cells with the high-
est voltages. This balancing technique offers simplicity and low cost but suffers from a
major drawback: significant energy loss in the form of heat. Conversely, active balancing
techniques employ dc-dc power converters to transfer energy from the most charged cells
to the discharged ones, achieving higher efficiency at the expense of increased circuit
complexity and cost.

Depending on the element used to transfer energy from the most charged cells to the
less charged ones, active balancing circuits can be classified as:

• Capacitor-based: These topologies use a capacitor as the intermediate energy storage
element, transferring energy from the most charged cells to less charged cells [6,9].

• Inductor-based: These topologies use an inductor as the intermediate energy storage
element, transferring energy from the most charged cells to less charged cells [10–12].

• Transformer-based: These topologies use a transformer, which provides magnetic
isolation, as the intermediate energy storage element, transferring energy from the
most charged cells to less charged cells. In the flyback based topology, energy is first
stored in the transformer core and then delivered to the lower-voltage cell [13–17].

• Hybrid: These topologies combine two or more of the aforementioned balancing methods
to achieve improved performance in terms of efficiency and response time [9,18,19].

When compared, all balancing circuits have advantages and disadvantages, which makes
it difficult to determine a single optimal solution. Some inductor-based topologies offer a
good trade-off among component count, circuit complexity and overall performance [6].

In [20], the authors present an analysis and evaluation of a non-dissipative lithium-ion
battery balancing method based on a switched inductor topology that transfers energy be-
tween series-connected cells to achieve a balanced condition. In [11], a balancing circuit that
offers an advantage over conventional designs by enabling the balancing of non-adjacent
cells is proposed. In [21], an inductor-based cell equalization technique is investigated. The
proposed equalizer demonstrates a faster balancing time compared to other methods, such
as switched capacitor and conventional switched inductor methods. A new cell-to-cell

133



Batteries 2025, 11, 421

active equalization method using planar coupled inductors is proposed and analyzed
in [22]. The use of planar core and multi-winding implemented in a printed circuit can be
more suitable for industrial applications with low voltage and high current. The overall
performance in terms of equalization speed, efficiency, and complexity of implementation
is proposed to be studied in a future work. An improved balancing strategy for an inductor-
based balancing topology is presented in [23]. The proposed strategy reduces losses and
decreases balancing time in comparison to the original strategy.

This paper proposes a modular BMS topology featuring switched inductor active
cell balancing. Beyond the design, characterization, and analysis of the switched inductor
converter, the paper also describes the development and experimental validation of a
full-scale prototype, including the MOSFET driver circuits and the measurement circuits
used for cell voltage acquisition.

The remainder of this paper is organized as follows. Section 2 presents the proposed
BMS topology and explains its operating principle and functionalities. Section 3 discusses
the simulation results of the developed switched inductor converter topology. Section 4
reports the experimental results obtained with both a reduced-scale test setup and a full-
scale submodule prototype. Finally, Section 5 concludes the paper with a summary of the
main findings.

2. Modular BMS Topology

2.1. Active Versus Passive Balancing Circuits

BMS electronic circuits for cell equalization can be classified as either passive or active
balancing circuits. Passive balancing circuits are simple and cheap to implement. However,
they dissipate excess energy through resistors connected in parallel with the most charged
cells. Active circuits are more complex and costly but enable energy transfer from higher-
voltage cells to lower-voltage ones, thereby conserving total battery pack energy while
redistributing charge to achieve voltage uniformity among cells.

Figure 1 presents a comparison between passive and active balancing circuits. In
Figure 1a, which illustrates active balancing, the main battery current (ibatt) and the in-
dividual balancing currents (ibat x) are shown, along with the balancing resistors (Rbat x).
These resistors are switched, connected, or disconnected, by the BMS controller depending
on each cell’s voltage level—activated when balancing is required and disconnected once
voltage equalization is achieved. Figure 1b illustrates active balancing, in which dc-dc
power converters transfer energy from higher-voltage cells to lower-voltage ones. The
main battery current (ibatt) and the balancing currents (ibat x) are also presented. Various
dc-dc power converter topologies can be employed for active balancing, each with different
trade-offs in terms of efficiency, complexity and cost [6].

Figure 2 illustrates the advantages of employing active balancing circuits over passive
balancing approaches. Before balancing, the cells exhibit varying charge levels. After pas-
sive balancing, all cells’ voltages are equalized; however, the final charge level corresponds
to that of the initially least charged cell (e.g., Cell 2). By applying an active balancing
circuit, energy is redistributed among cells, allowing all cells to reach the same charge
level through controlled energy transfer. Ideally, neglecting conversion losses in the dc-dc
converters, the total energy of the battery pack remains unchanged after active balancing.
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(a) (b)

Figure 1. Types of balancing circuits: (a) passive cell balancing; (b) active cell balancing.

Figure 2. Benefits of active balancing circuits.

2.2. Proposed BMS Architecture

This work proposes a modular BMS architecture designed to monitor and manage
battery packs containing a large number of cells organized into various submodules. The
architecture consists of a master device and a configurable number of slave devices, one for
each battery submodule.

Each slave incorporates a dedicated battery monitor circuit, the BQ76940 model from
Texas Instruments, Dallas, TX, USA, which measures cells’ voltage and temperature via an
I2C communication interface. Each slave device also includes a microcontroller responsible
for acquiring cell voltage and temperatures from the BQ76940, communicating with the
master device through an isolated controller area network (CAN) interface, and generating
pulse width modulation (PWM) control signals to the balancing circuits. Each slave was
designed for a maximum of 22 cells connected in series.
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Figure 3 presents a block diagram of the proposed modular BMS architecture with
active cell balancing functionality. Each slave board is directly mounted onto its corre-
sponding battery submodule and connects to a CAN bus, which also supplies 12 V to the
galvanically isolated CAN transceiver integrated into the slave board.

Figure 3. Block diagram of the proposed BMS modular architecture with active cell balancing.

Although the proposed BMS is a complex system comprising both hardware and
firmware, this work focuses primarily on the hardware design, specifically the dc-dc
converters used for active cell balancing. For this application, these converters must be
designed to achieve high efficiency while remaining compact and cost-effective.

2.3. Dc-Dc Converter for Active Cell Balancing

The dc-dc converter for active cell balancing in the proposed BMS is based on the
switched inductor topology. To balance a battery pack with n cells, this configuration
requires a total of 2(n − 1) fully controlled semiconductors and n − 1 inductors.

Figure 4 illustrates the switched inductor topology implemented in the proposed BMS
and its operation. Figure 4a presents a simplified schematic of the converter employed
for the active cell balancing. For analysis purposes, a configuration with three cells is
considered. In this case, the circuit includes four controlled semiconductors, S1, S2, S3, and
S4; two inductors, L1 and L2; and one current flowing in each inductor, iL1 and iL2.

The converter’s operation consists of two distinct stages. In the first stage, switches
S1 and S2 are turned on, allowing energy transfer from the higher-voltage cells to the
inductors, while switches S3 and S4 are off, as shown in Figure 4b. In the second stage,
S1 and S2 are turned off, while S3 and S4 are turned on, enabling the stored energy in the
inductors to be delivered to the adjacent lower-voltage cells, as illustrated in Figure 4c.

Considering the case in which Cell 1 has a higher voltage than Cell 2, switch S1 is
turned on while switch S3 remains off, as illustrated in Figure 5a. When switch S1 is turned
off, charging Cell 2, as shown in Figure 5b, current flows through the freewheeling diode
of switch S3. This switching sequence occurs at high frequency—on the order of tens of
kilohertz—allowing a gradual transfer of energy from Cell 1 to Cell 2.
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Figure 4. Switched inductor converter used in the proposed BMS for active cell balancing:
(a) Simplified circuit; (b) Stage 1 with S1 and S2 turned on, S3 and S4 turned off; (c) Stage 2 with S3

and S4 turned on, S1 and S2 turned off.

(a) (b)

S1
Rp1

Voc1

Rs1

Cp2

Voc2

Rs2

Rp2

Cp3

Voc3

Rs3

Rp3

Cp1

L1

L2

iL1

iL2

S3S2

S4

S1
Rp1

Voc1

Rs1

Cp2

Voc2

Rs2

Rp2

Cp3

Voc3

Rs3

Rp3

Cp1

L1

L2

iL1

iL2

S3S2

S4

Figure 5. Current path when the Cell 1 voltage is higher than Cell 2 voltage: (a) S1 is turned on; there
is an energy transfer from Cell 1 to inductor L1; (b) S1 is turned off and S3 is turned on; the energy
stored in L1 follows to Cell 2.

3. Simulation of the Switched Inductor Converter

3.1. Cell Model

To simulate the proposed BMS topology, a Thevenin equivalent model of a battery cell
was developed [24]. The cell model consists of a series resistor representing the internal
resistance of the cell and a parallel resistor-capacitor set modeling the cell capacity and self-
discharge behavior. An ideal voltage source corresponding to the cut-off cell voltage is also
included. The cell used in this study was the Samsung, Suwon, Sud Corea, INR21700 40T.
The parameters of the equivalent circuit, such as the series resistance and capacitance, were
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determined based on the manufacturer’s datasheet. Table 1 summarizes the main cell
specifications of the selected cell.

Table 1. Specifications from the Samsung cell model INR21700 40T.

Parameter Value

Nominal voltage 3.6 V
Maximum voltage 4.2 V

Discharge cut-off voltage 2.5 V
Internal Resistance (1 kHz) 12 mΩ

Capacity 4 Ah
Max. continuous discharge 35 A

Cell weight 67 g
Cell dimensions 21 × 70 mm

Based on the data presented in Table 1, the maximum and minimum cell voltage were
assumed to be 4.2 V and 2.5 V, respectively. The internal resistance Rs was considered to
be 12 mΩ. According to Equation (1), the value of the capacitor (Cp) used in the computer
simulation can be obtained from the ratio between the cell charge Q (Ampere-hours) and
the corresponding voltage variation ΔV at the cell terminals. By substituting the values into
Equation (1), the capacitance value for the equivalent cell model can be determined. Due
to the large value of Cp, the simulation of the equivalent electrical model would require
long computation times. To overcome this, a time-scaling factor of 1 h to 1 s was adopted
in the simulation. The adjusted value of Cp considered for the equivalent model was 2.35 F.
The resistor Rp, representing the cell self-discharge process—a phenomenon that does not
manifest significantly over short time intervals—was set to 1 MΩ.

Cp =
Q

ΔV
(1)

3.2. Reduced-Scale Simulation Model

Figure 6 shows the schematic of the switched inductor balancing topology in the PSIM
11.0 simulator. The semiconductor switches are driven by two 25 kHz PWM signals with
an 180◦ phase-shift and a 50% duty-cycle. Vcell1, Vcell2, and Vcell3 correspond to the
voltages in Cells 1, 2, and 3, respectively. To analyze the converter’s behavior, simulations
were carried out under three different operating conditions. In the first test, according
to the circuit shown in Figure 6, three cells and two 25 μH inductors were used. Series
resistors connected to the MOSFETs were included to emulate the on-state resistance
RDS(ON). A value of 30 mΩ was adopted.

3.3. Reduced-Scale Simulation Results

To evaluate the circuit’s balancing performance, the simulation was initialized under
a highly unbalanced condition with Vcell1 = 3 V, Vcell2 = 3.5 V, and Vcell3 = 4 V. As shown
in Figure 7a, all three voltages converged toward an equalized value of approximately
3.5 V. The balancing time was less than 2 s, which corresponds to less than 2 h under real
operating conditions, and the resulting voltage ripple is minimal. Figure 7b provides a
detailed view of the cell voltages, revealing a small ripple that is more pronounced in Cell 2.
This occurs because Cell 2 is simultaneously receiving energy from Cell 3 and transferring
energy to Cell 1.
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Figure 6. Simulation model of the switching inductor converter implemented in the PSIM 11.0
simulation software.

(a) 

(b) 

Figure 7. Simulation results of the switched inductor converter for initial cell voltages Vcell1 = 3 V;
Vcell2 = 3.5 V and Vcell3 = 4 V: (a) Voltage in the cells during the balancing period; (b) Detail of the
cells ripple voltages.

Regarding the waveform of the inductor currents iL1 and iL2 illustrated in Figure 8a,
it can be observed that since Cell 1 initially has a lower voltage, inductor L1 exhibits a
positive average current. In contrast, inductor L2 presents a negative average current, as
Cell 3 operates as the energy source. Once the balancing process is completed, the average
currents in both inductors become zero, indicating that there is no longer effective energy
transfer between the cells. At this stage, the MOSFETs must cease switching to minimize
unnecessary power losses. Figure 8b provides a detailed view of the inductor currents,
highlighting their characteristic triangular waveforms.
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(a) 

(b) 

Figure 8. Simulation results of the switched inductor converter for initial cell voltages Vcell1 = 3 V,
Vcell2 = 3.5 V, and Vcell3 = 4 V: (a) Currents in the inductors L1 and L2 during the balancing period;
(b) Detail of the inductor currents.

Analyzing the cells’ currents as illustrated in Figure 9a, it can be observed that the
currents icell1 and icell3 exhibit a decreasing trend over time. This behavior corresponds
to the gradual convergence of the cell voltages toward their average value. The average
current in Cell 1, initially positive, and in Cell 3, initially negative, both approach zero as
voltage equalization is achieved. Figure 9b provides a detailed view of the cell currents.
The current in Cell 1 (icell1) exhibits a negative average value, indicating that the cell is
absorbing energy, since the current direction is defined as positive when the cell delivers
energy to the circuit. Conversely, the current in Cell 3 (icell3) exhibits a positive average
value, confirming that it is receiving energy during the balancing process.

From the instantaneous power waveforms shown in Figure 10, it can be observed that
Cell 1, the least charged, exhibits a negative average power during the balancing period,
indicating that it is absorbing energy. Conversely, Cell 3, the most charged, presents a posi-
tive average value, confirming that it is supplying energy to the system. The average power
in Cell 2 remains approximately zero throughout the balancing process, as it alternately
receives energy from Cell 3 and transfers it to Cell 1 during successive switching stages.
After voltage equalization is achieved, the average power of all cells converges to zero,
indicating that the energy flow among cells has ceased.
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(a) 

(b) 

Figure 9. Simulation results of the switched inductor converter for initial cell voltages Vcell1 = 3 V,
Vcell2 = 3.5 V, and Vcell3 = 4 V: (a) Currents in Cell 1 and Cell 3 during the balancing period; (b) Detail
of the cell’s currents.

(a) 

(b) 

Figure 10. Simulation results of the switched inductor converter for initial cell voltages Vcell1 = 3 V,
Vcell2 = 3.5 V, and Vcell3 = 4 V: (a) Power in Cell 1 and Cell 3 during the balancing period; (b) Detail
of the cell’s power.
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3.4. Full-Scale Simulation Model and Results

After validating the switched inductor converter using a reduced number of cells, a
full-scale simulation model was developed to represent the 22-cell configuration of the BMS
submodule. Figure 11 presents the complete simulation model of the switching inductor
converter implemented in the PSIM 11.0 software.
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Figure 11. Complete simulation model of the switching inductor converter implemented in the PSIM
11.0 simulation software.

Figure 12 shows the simulation results of the previous simulation model, where the
voltages of all 22 cell voltages converge toward the same value. In this case, a smaller
imbalance level was considered, with the most discharged cell at 3.3 V and the most
charged cell at 3.7 V. It can also be observed that, for the initial conditions considered, the
balancing time is less than 1 s, corresponding to less than 1 h in real operation. These
results validate the ability of the switched inductor converter to actively balance the 22
cells of the BMS submodule.

 
Figure 12. Simulation results of the switched inductor full-scale model: Voltages of the 22 cells of the
BMS submodule during the balancing process.
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4. Experimental Validation of the Switched Inductor Converter

4.1. MOSFETs Driver Circuit

Since the battery module cells are connected in series and the source pins of the
MOSFETs are not referenced to the ground, a dedicated driving circuit is required to control
the MOSFETs without creating short-circuits between cells. One possible solution is to use
isolated gate drivers. Although several integrated circuits from different manufacturers
could meet the system requirements, their use would increase the overall cost. Therefore, a
simple and low-cost driver circuit was specifically developed for this application.

Figure 13 shows the developed driver circuit for the switched inductor MOSFETs,
all of N-type, considering only two cells for simplicity. The circuit consists of two main
NPN transistors, Tn1 and Tn2, responsible for biasing the PNP transistors, one for each
MOSFET. When the PWM signal is high, the NPN transistors start to conduct, allowing
current to flow between the emitter and base terminals of the PNP transistors and forcing
them to start conducting. The base-emitter current is sufficiently high to drive the PNP
transistors into saturation, minimizing the emitter-collector voltage and ensuring that the
corresponding MOSFET operates in the triode region with very low conduction losses.
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S3

Rben2

PWM2
Rbn1

Rben1

PWM1

Tn2 Tn1

T1

Rbe1
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Rs2

Rp2

Cp1
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Figure 13. PNP transistor-based circuit driver for the switched inductor converter MOSFETs.

To guarantee operation in the triode region, the emitter of each PNP transistor is
connected to the positive terminal of the next cell, ensuring that the gate-source voltage
(VGS) equals the sum of the voltage of the two adjacent cells. This configuration maintains
VGS sufficiently higher than the MOSFET threshold voltage (VT). It is important to note
that if only a single cell whose voltage could drop to 2.5 V was used, this would approach
VT, and the MOSFETs could conduct outside the triode region, increasing the losses.

For the topmost cell in the series, where no subsequent cell is available, a bootstrap cir-
cuit consisting of diode Dboot1, the capacitor Cboot1, and the resistor Rboot1 was employed.
Each time MOSFET S3 is turned on, capacitor Cboot1 charges through the diode and resistor.
Since S3 switches at 25 kHz, the capacitor voltage quickly reaches a steady-state value
equal to the sum of voltages of Cell 1 and Cell 2, providing an adequate voltage to drive
MOSFET S1 through transistor T1.

4.2. Switched Inductor Converter Experimental Results

This section presents the experimental results obtained with the BMS prototype de-
veloped using the switched inductor converter topology. For the initial test validation,
a prototype BMS board was designed to operate with six cells. To measure the currents,
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low-value shunt resistors were inserted at selected measurement points, namely in series
with the cells, inductors, and MOSFETs. To prevent excessive current in the case of circuit
malfunction, 1 Ω resistors were temporarily connected in series with the inductors; these
resistors were later bypassed using wire conductors for the final tests. A four-channel
Tektronix, Beaverton, OR, USA, TPS 2024B oscilloscope was employed to acquire the ex-
perimental waveforms. Figure 14 shows the developed 6-cell switched inductor converter
prototype for the experimental validation of the BMS active cell balancing circuit.

  
(a) (b) 

Shunt
Resistors

MOSFET

Inductor

1 Ω
Resistor

PNP
Transistors

Figure 14. Prototype board of the 6-cell switched inductor converter for the BMS active cell balancing
circuit: (a) Top view of the prototype board; (b) Bottom view of the prototype board.

The initial tests were performed to validate the proper operation of the MOSFET
drive circuits. Figure 15a presents the PWM signals, including a 3 μs dead time, and the
base-emitter voltages of the two NPN transistors. Figure 15b shows the NPN base-emitter
versus the collector-emitter voltages, demonstrating that the propagation delay is minimal
and the dead time is adequately maintained.

(a) (b)

Figure 15. Experimental results of the driver circuits: (a) PWM signals (PWM1, PWM2) and base-
emitter voltages of the NPN transistors (vBE(Tn1), vBE(Tn2)); (b) Base-emitter (vBE(Tn1), vBE(Tn2)) and
collector-emitter (vCE(Tn1), vCE(Tn2)) voltages of the NPN transistors.

Figure 16a shows the emitter-base voltages of the PNP transistors T1 and T3 along
with their respective emitter-collector voltages at circuit startup. The progressive increase
in the emitter-collector voltage of transistor T1 corresponds to the charging of the bootstrap
capacitor. Figure 16b presents the same signals in a steady state, showing that the emitter-
collector voltage of transistor T1 stabilizes after a few switching cycles. When the voltage
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vEC(T1) is zero, MOSFET S1 conducts; when vEC(T3) is zero, the MOSFET S3 conducts. The
dead time remains essentially constant throughout the operation.

(a) (b)

Figure 16. Experimental results of the driver circuits: (a) Emitter-base (vEB(T1), vEB(T2)) and emitter-
collector (vEC(T1), vEC(T2)) voltages of the PNP driver transistors, at circuit startup; (b) Emitter-base
(vEB(T1), vEB(T2)) and emitter-collector (vEC(T1), vEC(T2)) voltages of the PNP driver transistors, in
steady state operation.

Figure 17a shows the VGS voltages of MOSFETs S1 and S3 at circuit startup, when the
bootstrap capacitor begins charging. Figure 17b shows the same signals in a steady state.
The VGS waveforms maintain a dead time between them, with vGS1 reaching 8.6 V and
vGS3 reaching 8.4 V, values that are sufficient to ensure that the MOSFETs operate in the
triode region.

(a) (b)

Figure 17. Experimental results of the driver circuits: (a) Gate-source (vGS1, vGS2) voltages of the
MOSFETs and emitter-collector (vEC(T1), vEC(T2)) voltages of the PNP driver transistors, at circuit
startup; (b) Gate-source (vGS1, vGS2) voltages of the MOSFETs and emitter-collector (vEC(T1), vEC(T2))
voltages of the PNP driver transistors, in steady state operation.

Figure 18 shows in detail the overall delay propagation time of the PNP gate driver
circuit. Figure 18a shows that the delay between the PWM signal of the microcontroller
(PWM) and the gate-source voltage of the MOSFET (vGS) is about 870 ns during turn-on.
Figure 18b shows that the delay between the PWM signal of the microcontroller (PWM)
and the gate-source voltage of the MOSFET (vGS) is about 1.18 μs during turn-off. As
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expected, the turn-on is faster than turn-off, justifying the use of a dead time between the
PWM channels.

(a) (b)

Figure 18. Detail of delay time between the PWM signal of the microcontroller (PWM) and the
gate-source voltage of the MOSFET (vGS) with the PNP gate driver circuit: (a) During turn-on;
(b) During turn-off.

Figure 19 presents the switched inductor experimental results for a condition in which
Cell 1 has a voltage of 3.4 V and all the other cell voltages are 3.92 V. Figure 19a shows the
currents through MOSFETs S1 and S3 along with the emitter-collector voltages of the PNP
driver transistors (vec(T1) and vec(T3)). Figure 19b presents the current in inductor 1 (iL1),
the current in Cell 1 (icell1), and the emitter-collector voltages of the PNP driver transistors
(vec(T1) and vec(T3)). The average current in Cell 1 is negative, indicating that it is being
charged, as expected, since its voltage is lower than that of the other cells.

(a) (b)

Figure 19. Experimental results of the switched inductor circuit for the condition vcell1 = 3.40 V and
vcell2 = vcell3 = vcell4 = vcell5 = vcell6 = 3.92 V: (a) current in the MOSFET S1, current in the MOSFET
S3, and emitter-collector voltage of the PNP driver transistors (vec(T1) and vec(T3)); (b) current in the
inductor 1 (iL1), current in cell 1 (icell1) and emitter-collector voltage of the PNP driver transistors
(vec(T1) and vec(T3)).

The balancing current of the switch inductor converter depends on the cell’s voltage
difference and on the resistances in the path, that is, the internal resistance of the inductor,
MOSFET RDS_on, the resistance of the copper trails, the internal resistance of the cells, etc.
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To assess the maximum balancing current with the developed converter, a scenario with
Cell 1 and Cell 3 near the maximum voltage and Cell 2 at a considerably lower voltage
was used. In this scenario, both Cell 1 and Cell 3 contribute to charging Cell 2. Figure 20
shows the achieved results. Figure 20a shows the voltage (vcell1) and current (icell1) in Cell 1
together with the voltage (vcell2) and current (icell2) in Cell 2. Figure 20b shows the voltage
(vcell3) and current (icell3) in Cell 3 together with the voltage (vcell2) and current (icell2) in Cell
2. The voltage and current in Cell 2 are common to the two figures. As shown in the figures,
Cell 2 is charging with an average current of 908 mA and a peak value of 1.44 A.

(a) (b)

Figure 20. Experimental results of the switched inductor circuit for the condition vcell1 = 4.25 V,
vcell2 = 2.78 V, and vcell3 = 4.27 V: (a) Voltage in Cell 1 (vcell1) and current in Cell 1 (icell1); voltage in
Cell 2 (vcell2) and current in Cell 2 (icell2); (b) Voltage in Cell 3 (vcell3) and current in Cell 3 (icell3);
voltage in Cell 2 (vcell2) and current in Cell 2 (icell2).

To assess the energy transfer efficiency, a circuit with only two unbalanced cells was
used, and the active power (average value of the instantaneous power) was measured
in the two cells. For this procedure, the MATH channel of the oscilloscope was used to
calculate the product of the voltage by the current in the cell, resulting in the instantaneous
power. Finally, the average value of the MATH channel was calculated to obtain the active
power. The efficiency was then calculated by dividing the active power of the cell with
lower voltage (Cell 2 that receives energy) by the active power of the cell with higher
voltage (Cell 1 that provides energy). This methodology allows us to assess the energy
transfer efficiency with high bandwidth and high sampling rate equipment.

Figure 21 shows results of the energy transfer efficiency measurements. Figure 21a
shows the voltage (vcell1), current (icell1) and instantaneous power (pcell1) waveforms in Cell
1. The average power is positive, meaning that the cell is providing energy. Figure 21b
shows the voltage (vcell2), current (icell2) and instantaneous power (pcell2) waveforms in Cell
2. The average power in this case is negative, meaning that the Cell 2 is receiving energy.
By dividing the average power of Cell 2 by the average power of Cell 1, an energy transfer
efficiency of 84% was obtained.

The experimental results obtained with this small-scale prototype are aligned with the
expectations motivating the development of a full-scale 22-cell prototype.
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(a) (b)

Figure 21. Experimental results of the switched inductor circuit for the condition vcell1 = 4.36 V and
vcell2 = 3.31 V: (a) Voltage in Cell 1 (vcell1), current in Cell 1 (icell1), and instantaneous power in Cell 1
(pcell1).; (b) Voltage in Cell 2 (vcell2), current in Cell 2 (icell2), and instantaneous power in Cell 2 (pcell2).

4.3. Final Full-Scale Prototype

After validating the switched inductor converter and confirming the correct operation
of the driver circuit, a full-scale prototype was developed with the goal of creating a compact
PCB. The final prototype, shown in Figure 22, does not include the shunt resistors for current
measurements or the 1 Ω limiting resistors in series with inductors used during initial
validation. Figure 22a shows the top of the PCB, divided into five functional areas: (i) Area
1 houses the switched inductor converter, including the MOSFETs and inductors; (ii) Area
2 contains the driver circuit; (iii) Area 3 comprises the circuits for measuring cell voltages
and temperatures; (iv) Area 4 hosts the microcontroller responsible for acquiring the cells’
voltages and temperatures, communicating with the master module and controlling the cell
balancing via PWM signals; and (v) Area 5 contains the power and the CAN communication
interface connector. Figure 22b shows the bottom of the PCB, containing the remaining
components of the switched inductor converter and gate driver circuit.

After assembling the full-scale prototype board, initial tests were performed to verify
correct operation of the circuits. The prototype was then connected to the cells and a
balancing test was conducted.

Figure 23 shows the experimental results obtained with the full-scale BMS prototype,
showing the voltages of three consecutive cells during 2 h and 30 min of balancing operation.
The initial and final cell voltages are presented in Table 2 with the estimated initial and
final SoC. During balancing, the voltages of Cell 1 and Cell 3 decreased, while the voltages
of Cell 2 and Cell 3 increased, as expected, since higher-voltage cells transfer energy to
lower-voltage cells. The BMS reduced the initial voltage difference between Cell 1 and
Cell 4 from 1.18 V to approximately 0.47 V and the initial SoC difference from 91.2%
to 49.4%. The results were achieved using a digital oscilloscope with four non-isolated
channels combined with differential voltage probes to allow the measurement of individual
cell voltages.
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(a) 

(b) 

Figure 22. Final full-scale prototype for a 22-cell BMS submodule: (a) Top view of final BMS PCB;
(b) bottom view of the BMS PCB.

 

Figure 23. Full-scale BMS prototype experimental results: Voltages of four consecutive cells during
2 h and 30 min balancing operation.
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Table 2. Summary results of the 2 h and 30 min balancing operation.

Cell Initial Voltage Final Voltage Initial SoC Final SoC

Cell1 4.19 V 3.83 V 100% 76.2%
Cell2 3.36 V 3.55 V 27.4% 46.9%
Cell3 3.89 V 3.62 V 87.7% 53.9%
Cell4 3.01 V 3.36 V 8.8% 26.8%

During the cell equalization process, a thermal analysis of the BMS circuit was done.
As shown in Figure 24, the thermal analyses reveal that a maximum temperature of 73.3 ◦C
was measured in one of the switched inductor converter MOSFETs.

 

Figure 24. Full-scale BMS prototype experimental results: Temperature of the switched inductor
circuit components during a long-time balancing operation.

5. Conclusions

This paper presents the development of modular BMS topology with active cell
balancing. The BMS consists of a master module and a configurable number of slave
modules that communicate via an isolated CAN bus. The focus of the work was on the
switched inductor dc-dc circuit used for active voltage balance.

The topology was first studied and validated through simulations in PSIM 11.0 soft-
ware, employing a Thevenin equivalent battery model adapted to a time scale of 1 h per 1 s
of simulation, i.e., 1 s of simulation time corresponds to 1 h in a real setup.

Following a successful simulation validation, a reduced-scale prototype was devel-
oped to experimentally validate the switching inductor converter and the MOSFET driver
circuits, based on PNP and NPN bipolar transistors especially designed for this topol-
ogy. The experimental results with the reduced-scale prototype were consistent with
expectations.

A full-scale prototype was subsequently developed for a 22-cell battery submodule
connected in series.

Experimental tests of the prototype revealed an energy transfer efficiency of 84% and
a balancing current of 908 mA. However, these results are highly dependent on the cells’
voltage differences.

The prototype successfully balanced cells from an initial voltage difference of 1.18 V to
0.47 V in 2 h and 30 min. The developed BMS will undergo further electrical and mechanical
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robustness tests, aiming at implementation in an electric vehicle for the Formula Student
competition.
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Abstract

The well-balanced combination of high energy density and competitive cycle performance
has established lithium-ion batteries as the technology of choice for Electric Vehicles (EVs)
energy storage. Nevertheless, battery degradation continues to pose challenges to EV
range, safety, and long-term reliability, making accurate estimation of their State of Health
(SoH) crucial for efficient battery management, safety, and improved longevity. This
paper addresses a compelling research question surrounding the possibility of developing
a real-time, non-invasive, and efficient methodology for estimating lithium-ion battery
SoH without battery removal, relying solely on voltage and current data. Our approach
integrates the fitting abilities of Maximum Likelihood Estimation (MLE) with the dynamic
uncertainty propagation of Bayesian Filtering to provide accurate and robust online SoH
estimation. By reconstructing the open-circuit voltage curve from real-time data, the MLE
estimates battery capacity during discharge cycles, while Bayesian Filtering refines these
estimates, accounting for uncertainties and variations. The methodology is validated using
an available dataset from Stanford University, demonstrating its effectiveness in tracking
battery degradation under driving profiles. The results indicate that the approach can
reliably estimate battery SoH with mean absolute errors below 1%, confirming its suitability
for scalable EV applications.

Keywords: electric vehicles; lithium-ion batteries; battery degradation; maximum
likelihood estimation; particle filtering

1. Introduction and Motivation

Driven by the urgent need to decarbonize transportation and minimize its environmen-
tal impact, Electric Vehicles (EVs) are slowly but steadily reshaping the mobility paradigm,
offering an accessible and sustainable alternative to conventional internal combustion
systems. One of the key enablers of the shift towards electromobility is the substantial
progress in battery technology, whose improved autonomy has significantly contributed

Batteries 2025, 11, 451 https://doi.org/10.3390/batteries11120451
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to EVs competitiveness. In this sense, Lithium-Ion Batteries (LIBs) have established them-
selves as the primary energy source for EVs due to their high energy density and relatively
long cycle life compared to other battery technologies [1,2]. Yet, despite these advantages,
LIB degradation remains a critical concern, especially when accelerated by challenging
operating conditions such as extremely high discharge/charge rates, extreme temperatures,
and deep depth of discharge (DoD) [3]. In EVs, this performance degradation directly im-
pacts vehicle autonomy, intensifies range anxiety, and increases the probability of thermal
runaway events [4,5]. Thus, it is clear that real-time monitoring of battery health under
operational conditions is of paramount importance to both the individual user and the
Original Equipment Manufacturer, which can benefit from improved situational awareness
and performance management [6].

In the literature, battery condition is commonly associated with the notion of State
of Health (SoH), a metric that relates the current battery capacity to its initial nominal
capacity [7]. Although intuitively straightforward, SoH cannot be measured directly and
requires estimation techniques, which are often impractical, time-intensive, or incompatible
with EV battery systems, as they would require the removal of the battery pack from
the vehicle [8]. Alternatively, a conventional solution to obtain SoH with the battery still
loaded in the vehicle involves performing a full discharge from a fully charged battery,
followed by a rest period and a subsequent full recharge [9]. Based on the Coulomb
counting strategy, this methodology offers precise SoH measurements; however, it requires
the vehicle to be stationary during the long testing process. Alternative strategies, such as
Electrochemical Impedance Spectroscopy (EIS), have been proposed to mitigate the time-
consuming limitations of Coulomb counting [10,11]; however, they often involve battery
disassembly or off-board testing, restricting their practicality in operational settings [12].
At the same time, tests that require access to cell-level data are unfeasible as such data are
rarely available through EV’s Battery Management Systems (BMSs) [13]. In this sense the
main category of SoH estimation methods based on on-board electrical measurements is
represented by Differential Analysis Methods. These techniques, often divided into direct
and indirect measurements, require laboratory setups and specialized equipment and, as
a result, are not feasible for online applications [14], which is why they were excluded
from the present review. In summary, the constant assessment of battery SoH via the
aforementioned strategies conflicts with intrinsic conditions of the battery installed on
EVs, as the existing estimation methodologies require disconnecting the battery or time-
consuming procedures to accurately assess its health status, impeding estimations “on
the go”.

Over the years, some methodologies have been proposed for online SoH estima-
tion in real-world applications based on phenomenological principles, expert knowledge,
and/or operational data of the cell/battery when available [15,16]. Similarly, the litera-
ture includes proposals addressing operational uncertainty and computational efficiency.
These are particularly relevant to review given the wide range of variations that may arise
in electromobility applications and the need to consider on-board implementations for
SoH estimation.

In the case of data-driven approaches that leverage operational data, illustrative
examples are provided by Li et al. [17] and Ghosh et al. [18]. On the one hand, [17] uses
empirical mode decomposition and Pearson Correlation coefficients to extract Health
Indicators (HIs) from measurements obtained during the charging process, subsequently
processed through long short-term memory (LSTM) and BiLSTM networks. On the other
hand, Ref. [18] employ an LSTM network for voltage curve reconstruction, then feeds
these voltage predictions alongside measured current in a quantum-fuzzy neural network
(eQFNN) framework. Both studies achieve high accuracy but encounter some limitations:
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Ref. [17] requires future information not commonly available in real-world applications,
while the approach of [18] may suffer from excessive computational complexity that
challenges onboard implementation. Other interesting examples are found in Feng et
al. [19], which developed a Support Vector Machine (SVM) method, which utilizes partial
constant-current charging segments to compare measured voltage profiles with a pre-
learned SVM library. Moreover, Etxandi-Santolaya et al. [20] estimates SoH and battery
functionality using Support Vector Regression and neural networks trained on HIs extracted
from partial charging segments. Despite the scalability and performance under realistic
conditions, in both cases, the methods are defined at a cell level and do not consider the
variability, filtering, cell balancing, or constraints introduced by BMS hardware or firmware
in the data acquisition process.

For hybrid approaches that combine data-driven and physics-based methods,
Zhang et al. [21] provide a representative example. Their work seeks to integrate the
flexibility of data-driven models with physical constraints through a two-stage framework.
First, a Gated Recurrent Unit (GRU) is used to give an initial value of SoH from historical
data. Subsequently, a Particle Filter (PF) adjusts the SoH and provides State of Charge (SoC)
estimations. This method can adapt the SoH in real-time, but it depends only on the GRU
for the initial estimation: errors in initialization propagate through the system, requiring
considerable time to be fixed by the PF.

While previous methodologies have been deterministic, probabilistic approaches have
also been proposed to explicitly account for uncertainty. Despite their diversity, these
approaches tend to converge toward comparable underlying theoretical frameworks. For
instance, the study of Dong et al. [22] proposes a Hybrid Kernel Relevance Vector Machine
(H-RVM) for SoH and Remaining Useful Life (RUL) estimation. This approach can achieve
good results at a practical level, but it depends on keeping consistent charging protocols,
which limits the applicability, given the different charging strategies in different charging
stations. In turn, Xiang et al. [23] incorporate Gaussian Process Regression (GPR) to quantify
uncertainty, focusing on discharge segments with pseudo-labeling in a semi-supervised
bidirectional GRU framework, while Wang et al. [24] employ GPR directly for nonlinear
process modeling of the relationship between measurable battery features, proposing
an improved Firefly Algorithm (IFA) into the training process to improve global search
capability. The methodology presented in [23] can be applied in an online setting; however,
it may introduce considerable errors, as the GRU loses access to future data points and
potential mislabeling can propagate inaccuracies in subsequent estimations. On the other
hand, in [24], the method can encounter high computational costs and a strong reliance on
offline training data. In conclusion, probabilistic methods excel in uncertainty quantification
and nonlinear modeling but require high-quality data and consistent requirements, which
can be challenging in practice.

Another dimension to be reviewed is related to the data flow efficiency question for
SoH estimation. One effort is presented in He et al. [25], where the SoH estimation is based
on the variation coefficient extracted from partial charging curves and a GPR. The resulting
framework keeps predictions coherent across different training sizes and enables online
parameter updates that shorten commissioning time. A complementary path is explored in
the study by Buchanan and Crawford [26], where a convolutional encoder learns directly
from raw charge traces and a sparse GPR head outputs probabilistic SoH trajectories with
explicit credibility bands. In Dong et al. [27], the concept of probabilistic co-estimation is
further advanced. The authors calibrate the parameters of a fractional-order equivalent
circuit model using Bayesian optimization and subsequently integrate a Gaussian-sum
particle filter with recursive total least squares to jointly update the SoH and SoC. This
approach eliminates the need for laboratory impedance tests and aligns with firmware-

155



Batteries 2025, 11, 451

level identification routines. In this regard, it is worth noting that, consistent with broader
trends in Prognostics and Health Management (PHM), hybrid methodologies that combine
data-driven and model-based approaches are emerging as a promising direction for SoH
estimation, as emphasized by Zhang et al. [21] and Deng et al. [28]. Lastly, the paper by
Zhu et al. [29] brings Bayesian calibration into the second life scenario using a physics-
informed neural network that is pre-trained on porous electrode simulations and refined
with Monte Carlo dropout, achieving robust estimates across heterogeneous aging paths
and pointing to lighter uncertainty-aware estimators suitable for embedded controllers.

Inspired by these findings, we propose a hybrid estimation method that integrates
model-based approaches, parametric estimation, and Bayesian inference to estimate the
current SoH during EV operation, using non-invasive data from onboard systems such as
voltage and current trends from the Controller Area Network (CAN) bus. The proposed
solution uses maximum likelihood estimation (MLE) to extract capacity estimates from
readily available online operational data, utilizing these measurements without requiring
invasive diagnostic techniques. To further strengthen the robustness and resilience of the
estimation process, a Bayesian Filter (BF) loop is added to the framework. In particular,
the PF is employed as an implementation of the BF problem. In fact, MLE alone can be
sensitive to noise, short discharge segments, and sensor inaccuracies. To address these
challenges, estimation is further enhanced by the application of a PF, which smooths
estimates, compensates for uncertainties, and mitigates errors caused by sensor anomalies
or missing data. The comprehensive combined MLE-PF approach provides a robust and
adaptive estimator that improves accuracy by integrating real-time measurements with a
degradation model, ensuring reliable SoH estimation even in the presence of quantized or
noisy operational data. In this work, we assume that the EV is continuously monitored by
an onboard computer or by the BMS. The only data requirement is access to operational
signals, such as voltage and current trends available on the CAN bus, enabling seamless
online estimation of both SoH and SoC.

The main contributions of this article are:

1. A novel MLE-PF battery capacity estimation procedure is developed to obtain SoH
estimates from an arbitrary current and voltage discharge profile.

2. A PF algorithm is implemented to overcome model and estimation uncertainties and
potential outliers during the degradation process.

3. The addition of the PF enables the simultaneous online estimation of SoH and SoC
without the need for time-intensive tests, which require battery disconnection.

4. The proposed method is designed for use on a generic EV since current and voltage
measurements are easy to obtain from a BMS or an OBD2 device.

5. The proposed approach can be scaled to different types, modules, and lithium
ion batteries since the parameters of the battery model can be adjusted with few
operational data.

The remainder of this paper is organized as follows. Section 2 provides a comprehen-
sive theoretical background, discussing key concepts such as SoC, SoH, and the open-circuit
voltage (OCV) model. Section 3 details the proposed methodology, including a description
of the MLE and its integration with the PF algorithm. Section 4 introduces a case study
to demonstrate the applicability of the proposed approach, utilizing real-world data from
LIB cells. Section 5 presents and analyzes the results, highlighting the performance of the
MLE-PF strategy in accurately estimating battery health under various operating condi-
tions. Finally, Section 6 summarizes the findings, discusses implications for future research,
and concludes the paper by highlighting the potential of the proposed method for real-time
applications in EVs.
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2. Theoretical Background

In this section, we present the fundamental concepts and methodologies that form the
basis for the proposed approach in this paper. First, we provide essential definitions and
concepts related to battery condition monitoring, including the SoC, SoH, and the OCV
model. Then, we introduce key statistical techniques such as the MLE, BF/PF, which are
instrumental in refining the accuracy of SoH and SoC estimates.

2.1. Definitions and Equivalent Circuit Battery Model

The SoC and SoH are crucial indicators for evaluating battery operation, and they
describe the state of the battery from two fundamentally different points of view. The SoC
describes an intercharge performance, while the SoH represents an intracharge performance.
That is, the SoC describes the charge available with respect to the maximum charge available
at that specific moment, while the SoH represents the trend of the maximum capacity of
the battery with respect to the initial capacity of the new battery. As such, these concepts
also refer to two completely different timescales, identified with the indices t and k. t is
the time step index used in the SoC calculation, while k is the work cycle index used in
the SoH calculation to indicate operational charge-discharge cycles, defined as a process
during which the battery delivers an amount of energy equivalent to 100% of its current
capacity, given its SoH [7].

1. The SoC represents the current capacity of the battery relative to its total current
capacity, typically expressed as a percentage [30]. It indicates how much charge
remains in the battery and its evolution in time can be mathematically formulated as:

SoCt = SoCt−1 − It−1 · Δtt

Ck
+ wt , (1)

where SoCt−1 and It−1 are the SoC and the current at the previous time step, respec-
tively, Δtt is the sampling time interval, Ck is the battery capacity at cycle k (i.e., the
maximum charge the cell can store at that cycle), and wt represents the process noise
accounting for uncertainties such as current sensor inaccuracies, unmodeled dynam-
ics, and environmental variations. By incorporating noise, the model becomes more
robust and can better capture the real-world behavior of batteries, enhancing the
credibility and reliability of the SoC estimate. The SoC trend can vary over time
depending on the discharge rate, which in practice is associated with different usage
profiles [31].
To connect the SoC concept with practical battery applications, it is essential to
consider an equivalent circuit model that simulates the battery behavior under various
operational scenarios. In this work, we use a Thévenin-equivalent model, which
includes a controlled voltage source that represents the open-circuit voltage Voc,
integrated with a resistance to simulate real-world conditions [32].
The open-circuit voltage Voc is a nonlinear function of the SoC and is can be rep-
resented through a three-stage structure that reflects the dominant electrochemical
mechanisms across different SoC ranges. Studies such as [33] have shown that, at
high SoC values, a combination of partial redox reactions and increased charge accu-
mulation near electrode saturation produces a pronounced curvature in the OCV–SoC
relationship, effectively described by a shifted exponential function. In the mid-SoC
region, the main intercalation and phase-transition reactions of the active materials
proceed smoothly, yielding a nearly affine voltage response that can be captured by a
linear term. Conversely, at low SoC values, redox activity is minimal and the voltage
exhibits a sharp decline driven by surface charge-accumulation effects, which is well
modeled by logarithmic or exponential behavior.
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Beyond these chemical considerations, it is also essential to account for the aging-
induced voltage drift observed in the OCV curve as the battery degrades. As reported
in [34], periodic OCV measurements exhibit a progressive leftward shift over the
cell’s lifetime, reflecting both capacity loss and changes in the electrode equilibrium
potentials. This systematic displacement indicates that a fixed OCV curve cannot
accurately represent the evolving equilibrium voltage associated with different SoH
levels, thereby motivating the use of a parametric formulation whose coefficients can
be adapted to aging.
Building on this structure and considering the proposed Thévenin-equivalent circuit,
the five-parameter OCV model introduced in [35] is adopted in this work and ex-
pressed in Equation (2) where each term in corresponds to a distinct operational zone
of the OCV curve. The offline procedure proposed in [36] allows the identification
of model parameters using a single controlled-discharge experiment, whereas [37]
extends this approach to data collected from an EV operating under real driving
conditions. These formulations enable the OCV curve to adapt to different SoH levels,
as illustrated in Figure 1.

voc(SoCt) = vL + (v0 − vL) · e
γ(SoCt−1)

+ α · vL(SoCt − 1) + (1 − α)vL(e−β − e−b
√

SoCt ). (2)

Figure 1. OCV as a function of consumed capacity for different SoH levels. The transition from green
(higher SoH) to red (lower SoH) illustrates how decreasing SoH alters the OCV curve and reduces
the usable capacity.

2. On the other hand, the SoH refers to the battery’s ability to deliver its total current
capacity compared to its original (or nominal) capacity when new [30]. In the battery
literature, SoH can be characterized through several degradation indicators (e.g., ca-
pacity loss, increase in internal impedance, power fade, or self-discharge rate) which
contribute to describing the battery health state [3]. Nevertheless, many studies point
out that the most widely adopted formulation in both research and practice remains
the capacity-based definition [38,39]. That is why, in the context of this study, we
adopt the most common and widely accepted formulation, and we define SoH solely
on a capacity basis, as reported in Equation (3).

SoHk =
Ck
C0

, (3)

where SoHk is the State of Health at cycle k, Ck is the battery capacity at cycle k,
and C0 is the nominal (initial) capacity when the battery is new. The capacity Ck

decreases with each cycle due to degradation, affecting the duration and energy
delivered in subsequent cycles. A common way to represent degradation over the
battery operational cycles is by describing the maximum energy storage capability

158



Batteries 2025, 11, 451

that the battery can deliver over time. One way to model this degradation is through
the equation:

Ck = Ck−1 · ηk−1 + vk, (4)

where Ck is the capacity at the current cycle, Ck−1 and ηk−1 are the capacity and the
efficiency factor in the previous cycle, respectively. and vk represents the process
noise capturing uncertainties such as degradation rate variability, measurement errors,
and unmodeled aging effects. Similarly to wt, the term vk is introduced to model
the inherent uncertainties and stochastic nature of battery operation to make SoH
estimation more robust.
The efficiency factor η serves as an aggregate representation of the Loss of Lithium
Inventory (LLI) induced by each duty cycle experienced by the battery [40]. As
highlighted in [41], LLI is one of the dominant degradation modes in LIBs, arising
primarily from SEI growth, lithium plating, and crack-assisted side reactions, all of
which irreversibly trap cyclable lithium and reduce the amount of charge that can be
reversibly stored. These mechanisms occur even under moderate operating conditions
and accumulate over time, leading to measurable reductions in accessible capacity. By
expressing the degradation of a given cycle as a multiplicative efficiency applied to the
previous available capacity, the model effectively captures the fraction of lithium lost
to these irreversible pathways, allowing the model to track the progressive depletion
of cyclable lithium as the battery ages.
Since the SoC is intrinsically linked to the SoH via the current maximum capacity,
the SoH also influences the behavior of the Voc curve [42] as an external parameter.
Figure 1 illustrates this dependency by showing how the OCV curve shifts with
different SoH values.
In fact, a reduced battery capacity implies that the SoC will drop more quickly for the
same amount of extracted charge, causing Voc to decrease significantly faster. Starting
from Equation (2), this relationship is expressed mathematically in Equation (5),
where it is clear that Voc is a function of the SoC. More specifically, Ck represents the
battery capacity at a given cycle k and Qext the extracted charge. Note that a lower Ck

increases the impact of Qext on Voc.

Voc = voc(SoC) = voc

(
Ck − Qext

Ck

)
= voc

(
1 − Qext

Ck

)
(5)

2.2. Estimation

In this section, we provide an overview of the key estimation techniques used in
this paper. Estimation plays a crucial role in determining the state of a dynamic system,
such as the SoC and SoH of a battery. The methods discussed here, namely MLE and
BF, with a focus on PF, serve as powerful tools for accurately inferring these states based
on available data. By combining these techniques, we aim to develop a more robust and
precise estimation framework, adaptable to different scenarios and model structures.

2.2.1. Maximum Likelihood Estimation

MLE is a technique widely used in statistics and engineering applications to estimate the
parameters of a model that maximizes the probability of occurrence of a given event [43–45].
The basic principle of MLE is to define a likelihood function, L(θ; x), which represents the
probability of observing the event x given a set of parameters θ. The goal of MLE is to find
the values of θ that maximize the likelihood function [46], mathematically expressed as:

θ̂ = argmax
θ

L(θ; x). (6)
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It is customary to work with the log-likelihood function due to its level of mathemati-
cal convenience, since converting the product of probabilities into a sum simplifies the
calculations. This can be represented by:

log L(θ; x) =
n

∑
i=1

log f (xi; θ), (7)

where f (xi; θ) corresponds to the probability density function of the data xi given the
parameters θ.

2.2.2. Bayesian Filtering

BF is a statistical technique employed to estimate and predict the state of a dynamic
system based on a given model and noisy measurements. It relies on Bayes’ theorem to
update the probability distribution of the system state as new data becomes available [47].
In particular, an iterative algorithm predicts the next state using the system model, the
current state, an exogenous variable, and process noise (Predictive step). This can be
expressed in general terms as follows:

xk = fk(xk−1, uk−1, ωk−1), (8)

where f (·) is a function that depends on the state vector x, the input u ∈ Rnu , and the
i.i.d process noise vector ω ∈ Rnω . In the second step (Update), this prediction is used to
compute what should be expected according to the measurement equation:

zk = hk(xk, vk), (9)

where h(·) is a function, z ∈ Rnz is the measurement vector, and ν ∈ Rnν is the noise
vector [47].

Finally, the likelihood of the observed measurement is computed and used to update
the state and calculate the uncertainty, assuming the availability of the initial condition
p(x0 | z0) = p(x0). This process is iterated until an end criterion is met.

Particle Filter

PF are algorithms that offer a solution to the BF problem by using particles, which are
defined as a set of Np random samples with their respective weights (see Equation (10)), and
Monte Carlo simulations, which are employed to approximate the posterior distribution of
the desired state, since the true distribution is often intractable [48].

{
x
(i)
k , w(i)

k

}Np

i=1
,

Np

∑
i=1

w(i)
k = 1 (10)

PF samples the Np particles at every step from an alternative PDF q(·) named impor-
tance density [49]. Therefore, the posterior distribution can be approximated by [50,51]:

p(xk|z1:k) ≈
Np

∑
i=1

w(i)
k δ(xk − x

(i)
k ), (11)

where the weights of each particle are updated as follows:

w(i)
k = w(i)

k−1

p(zk|x(i)k )p(x(i)k |x(i)k−1)

q(x(i)k |x(i)0:k−1, z1:k)
(12)
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It is crucial to highlight that Equation (11) converges to an equality as Np → ∞.
Furthermore, the design and performance of the PFs are significantly influenced by the
choice of the importance density q(·) [52]. In this study, the Sequential Importance Sampling
(SIS) PF was implemented, which assumes the following equality:

q(x(i)k |x(i)k−1, zk) = p(xk|xk−1), (13)

indicating that the q(·) probability density function (PDF) is equal to the prior PDF. For
further details on SIS, the interested reader can find an in-depth description of the method-
ology in [53–55].

The SIS approach was adopted for its conceptual simplicity and computational effi-
ciency. By setting the prior transition model as the importance density, SIS avoids the need
to approximate complex proposal distributions, which are often intractable in nonlinear or
high-dimensional systems. This assumption reduces computational cost while providing a
consistent approximation of the posterior distribution, although it may suffer from weight
degeneracy over long sequences [50,52]. To mitigate the degeneracy issue, a resampling
step is introduced when the Effective Sample Size falls below a threshold [50,56]. This
step removes particles with negligible weights and replicates those with high importance,
thereby improving numerical stability and filter robustness, albeit with a slight increase in
sampling variance [57].

3. MLE-PF Framework: A Simple and Reliable Estimation Method for
Battery Capacity Using Operational Data

3.1. Theoretical Rationale for Battery Capacity Estimation

As shown in Equation (3), the SoH is directly determined by the battery capacity.
Therefore, knowing the initial capacity C0 and the capacity at a given cycle Ck, the SoH at
cycle k can easily be derived.

Considering the relationship between Voc and the battery capacity presented in
Equation (5), an estimator can collect a set of Voc and extract charge measurements to
infer the capacity value that best fits the observations, thus providing the needed value to
calculate the SoH. The optimization problem can be formalized in Equation (14), which
represents the core of the framework proposed in this paper.

Ĉ = arg min
C

N

∑
i=1

[
V(i)

oc − voc

(
1 − Q(i)

ext
C

)]2

, (14)

where V(i)
oc and Q(i)

ext represent the i-th Voc and extracted charge measurements, whereas voc

refers to the parametric Equation (2).
The direct application of this inference strategy poses several challenges, primarily due

to the fundamental operating principles of a battery when connected within an electrical
circuit. These challenges must be addressed to ensure reliable implementation. The primary
problem lies in the need for accurate open-circuit voltage Voc measurements. In fact, to
acquire accurate readings that are not affected by internal impedance, extended rest periods
without current flow are required. Furthermore, accurately quantifying the extracted
charge Qext requires the discharge process to start from a fully charged state. However, in
real-world scenarios, this condition is rarely met, as drivers do not always start their trips
with a fully charged battery.

Overcoming these challenges requires an integrated framework capable of recon-
structing voltage values that closely approximate the true open-circuit voltage Voc using
real-world measurements of battery voltage and current during EV operation.
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3.2. Framework Overview

Based on the information obtained in the previous section, a Maximum Likelihood
Estimation-PF (MLE-PF) approach has been implemented to estimate the battery capacity
using Equation (14), as illustrated in Figure 2. In particular, vehicle data are initially passed
through a Feature Extraction Module (FEM) to generate a set of observations, which the
MLE module then uses to estimate the battery capacity. On the other hand, a parallel
model-based branch (highlighted in red) is integrated starting from vehicle data. The
two branches converge into the PF, which fuses observations and model predictions to
output a filtered battery capacity estimate, from which the SoH is subsequently computed.
The inclusion of the PF aims to obtain a more reliable and robust SoH estimator since it
helps to overcome off-trend estimates, which may be the result of having to deal with
low-quality or noisy operational data.

Voltage & Current
Discharge Data

Feature Extraction
Module

Maximum Likelihood
Estimation Module

Battery Capacity
Estimation

SoC Estimator Degradation Model

Filtered Battery
Capacity Estimations

Battery Capacity
Prediction

Expected value

Battery SoH
Estimation

PF

Figure 2. Vehicle data are processed by the FEM to generate relevant observations, which are then
supplied to the MLE Module for battery capacity estimation. A parallel model-based branch (in
red) supplies a degradation model to the PF, which fuses observations and predictions to produce a
filtered capacity estimate used to determine the SoH.

Figure 3 shows a detailed view of the MLE-PF framework, focusing on the FEM and
MLE module. The FEM logs voltage and charge measurements from the natural discharge
process during standard EV operation. Measurements that meet a set of predefined criteria
are retained and processed for further analysis. Once a meaningful set of observations
is harvested, the acquired dataset is passed to the MLE module, which, by solving an
estimation process, estimates the actual current battery capacity and therefore the SoH.
This process can be run online while driving.
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Figure 3. Flowchart illustrating the Feature Extraction and Maximum Likelihood Estimation modules
employed to estimate battery capacity and State-of-Health.
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3.2.1. Feature Extraction Module

The FEM operates by identifying and collecting informative voltage and charge mea-
surements during battery discharge cycles that occur under typical electric vehicle operating
conditions. The primary objective of the FEM is to identify voltage readings that closely
approximate the open-circuit voltage Voc. These selected measurements form the basis
for estimating the battery current capacity. In fact, the direct correlation between open-
circuit voltage and battery capacity demonstrated in Equation (14) gives a clear strategy to
calculate the current capacity, starting from the Voc.

However, since the battery is always connected to the circuit and under load, a perfect
reconstruction of the true Voc is inherently unachievable; therefore, the resulting voltage can
only approximate the true open-circuit condition. For this reason, the reconstructed value
is referred to as a pseudo-open-circuit voltage or VocP . While in operation, the measured
voltage can be described by the relationship:

VocP = Vt + It · Rintt , (15)

where It, Vt, and SoCt correspond to the current, voltage, and SoC at the t-th discharge
instant, respectively. Finally, Rintt represents the internal resistance of the battery. To obtain
voltage measurements that closely resemble true open-circuit conditions, the FEM must
reduce the influence of the voltage drop caused by the It · Rintt term. When this objective is
achieved, the pseudo-open-circuit voltage approximates the actual open-circuit voltage:

VocP ≈ Voc = voc(SoCt) (16)

It is important to note that Equation (16) maintains validity only for a carefully se-
lected subset of measurement samples. This selection is achieved by a combination of
three actions.

1. First, the FEM identifies moments during the discharge process when the current val-
ues are low. This condition minimizes voltage drops caused by the internal impedance,
ensuring a more accurate representation of the open-circuit voltage. This requirement
is imposed by the threshold condition in (17):

|It| ≤ Ithresh, (17)

where It is the current measurement and Ithresh is the current low pass threshold.
2. In addition, since the battery’s internal impedance might present transients, a second

condition must be considered in series to the first one. The FEM checks if the low
current measurements are consistent for a given amount of time to minimize the effect
of voltage transients due to impedance. The expression in Equation (18) represents the
logical operator that indicates that a voltage measurement is close to its corresponding
Voc and can be formulated as:

Tconsistent ≥ Tthresh, (18)

where Tconsistent is a counter that indicates how much time with low current has passed,
and Tthresh represents the second control parameters that regulate how permissive the
selector is. The combined condition can be formulated as:

(|It| ≤ Ithresh
) ∧ (

Tthresh ≤ Tconsistent
)
=⇒ Vt ∼ voc(SoCt) , (19)

By applying this logical condition to the voltage and current signals, the FEM gener-
ates a set of observations D.
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3. Despite the low stable currents, they might still alter the approximation of Voc when
multiplied by the internal resistance. For this reason, an internal impedance compen-
sation module is added to the flow as explained in Section 3.2.2. The application of
this additional module adjusts the observation D to Dcomp.

In addition, the FEM logs the first qualifying voltage measurement that serves as a
reference point for the battery capacity estimation process, called the reference voltage.
The reference voltage is the initial Vo approximation that meets both conditions. Vo is then
converted to an initial State of Charge SoC0 using the inverse function of Equation (20).
This transformation is possible as the function voc(·), presented in Equation (2), is bijective.
Although the inverse function of voc(·) exists, it does not have an analytical form, necessi-
tating an approximation. The proposed approximation, which maps voc measurements to
their equivalent SoC, is given by the following:

SoC(Voc) =
x2

1 + e−x1(Voc−x0)
+ (a · Voc + b)3 + c, 0 ≤ SoC(Voc) ≤ 1 , (20)

where x0, x1, x2, a, b, and c are adjustable parameters that must be tuned to minimize the
error between the actual inverse function.

Finally, the FEM also computes the extracted charge between voltage detections. These
values are computed by integrating the current over time. This process can be expressed as:

Qext(k) =
∫ k

0
It dt ≈

k

∑
i=0

I(i) · Δti , (21)

where It corresponds to the current signal and Δti the sampling period between measurements.
When the FEM is applied to the monitored battery current and voltage signals, the

algorithm generates a feature set formalized as:

D =
{D(i) = (SoC(i)

0 , ΔQ(i)
ext, V(i)

oc )|i ∈ {1, 2, 3, . . . , N}} (22)

where SoC(i)
0 corresponds to the initial SoC associated with the i-th selected measurement

(computed with Equation (20)), ΔQ(i)
ext is the extracted charge between the initial and the

i-th selected observation, and V(i)
oc is the i-th selected voltage measurement.

As previously stated, despite the selection of a low stable current, the impact of the
voltage drop due to the internal resistance could still be relevant. It is hence important to
further compensate the observation D with the Resistance Effect Compensation Module.

3.2.2. Resistance Effect Compensation

In this work, the battery ohmic losses are modeled through a internal resistance Rint,
which plays the role of the Equivalent Series Resistance (ESR) in the Thévenin model. This
resistance can be characterized based on the data provided in [58], it is possible to fit a
third degree polynomial to describe internal resistance as a function of SoC, where the
polynomial coefficients are P0 = 0.1317, P1 = −0.05083, P2 = −0.2579, and P3 = 0.3084.
The relationship can be expressed by:

Rint(SoC; I = 5A) = P0 + P1 · SOC + P2 · SOC2 + P3 · SOC3 (23)

This polynomial function represents a case in which the battery operates at a con-
stant discharge current. However, actual operational conditions might present varied
discharge current profiles. Therefore, we propose adjusting the polynomial using historical
operational voltage and current data. The adjustment of Equation (23) involves an affine
transformation, as illustrated in Equation (24), where θ represents adjustable parameters.
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Rint(SOC, I)θ = (P0 + P1 · SOC + P2 · SOC2 + P3 · SOC3) · θ1 + θ2 (24)

Then, Equation (25) describes how to refine the detected Voc measurements by con-
sidering the ohmic effects of impedance at low currents. Note that Rintk (SoC, Ik)θ in
Equation (25) corresponds to the proposed parameterization of the internal resistance.

voc(SoCk) = Vk + Ik · Rintk (SoCk, Ik)θ , (25)

This compensation scheme is applied to the voltage detections of the feature set pre-
sented in Equation (22), to diminish the effect of internal resistance further. The application
of this procedure generates the compensated feature dataset given by:

Dcomp =
{D(i) =

(
SoC(i)

0 , ΔQ(i)
ext, V(i)

oc + I(i) · Rintk (SoC(V(i)
oc ), I(i))θ

) ∣∣ i ∈ {1, 2, . . . , N}} (26)

=
{D(i) =

(
SoC(i)

0 , ΔQ(i)
ext, V̂(i)

oc
) ∣∣ i ∈ {1, 2, . . . , N}} . (27)

where I(i) represents the current associated with the i-th detection, and V̂(i)
oc represents

the i-th compensated voltage detection of the compensated feature dataset Dcomp. After
compensating for resistive effects, no further processing is necessary.

It is noteworthy to mention that the proposed polynomial model for the inter-
nal impedance corresponds to a simplified empirical approximation. Indeed, internal
impedance depends on several factors, including temperature, hysteresis, and manufac-
turing defects. Since these factors are not being taken as inputs to the model, errors in the
characterization of internal impedance are expected.

However, these errors do not compromise the validity of the proposed methodology.
First, the polynomial model is calibrated for the specific cell type under study using
historical data from similar cells. Second, as shown in Equation (25), errors in the term
Rintk (SoCk, Ik)θ are multiplied by Ik, whose magnitude is inherently small during the
operating conditions considered by this methodology. Consequently, any approximation
error in the internal resistance remains bounded. Finally, residual errors introduced by this
simplification are accounted for in the observation equation of the upstream particle filter
(PF) as observation noise. Therefore, the influence of inaccuracies in Rintk (SoCk, Ik)θ on the
overall performance of the proposed methodology can be considered negligible.

3.2.3. Maximum Likelihood Estimation Module

Once the features are extracted, the battery capacity parameter can be estimated by
maximum likelihood. To construct the likelihood function of the battery capacity, the
following assumptions are considered:

• During the feature extraction, capacity degradation is neglected.
• The extracted features are conditionally identically independent and identically distributed.
• The extracted open voltage features are affected by Gaussian additive noise with some

variance σ2
v .

In particular, the latter assumption is grounded in established practices. Modeling
voltage-related features as the true cell voltage corrupted by additive, zero-mean Gaussian
noise is in line with established practices in Li-ion battery state estimation, where terminal-
voltage measurements acquired through the sensing chain are typically affected by small,
approximately white noise perturbations. Under this setting, the Gaussian model provides
a convenient and well-posed likelihood for machine learning or Bayesian estimators as
proposed by [36,59–61]. In applications where the sensor noise is manifestly non-Gaussian,
the same estimation framework can be reformulated with a more general noise model, at
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the price of increased complexity. With the compensated set of extracted features presented
in Equation (27) and a previously adjusted battery model, the Voc can be approximated for
every observation, following Equation (28). Note that this voltage prediction depends on
the battery capacity C. This allows the creation of an error metric assumed to be normally
distributed. Equation (29) shows the final error metric associated with the collected feature
vector i.

V̂(i)
oc

(
C, SoC(i)

0 , ΔQ(i)
ext

)
= voc

(
SoC(i)

0 − ΔQ(i)
ext

C

)
(28)

ε
(
C,D(i)) = V̂(i)

oc − v(i)oc (C, V(i)
0 )

= V̂(i)
oc − voc

(
SoC(i)

0 − ΔQ(i)
ext

C

) (29)

When combining the above-mentioned assumptions, the likelihood function of a set
of observations follows:

L(C;D) =
N

∏
i=1

L(C;D(i)) (30)

=
N

∏
i=1

1
σv
√

2π
e−

1
2 (

ε(C,D(i))
σv )2

(31)

∝ e∑N
i=1 − 1

2 (
ε(C,D(i))

σv )2
(32)

Since we are interested in the most probable estimation of the battery capacity, the
estimated value Ĉ is the one that maximizes the constructed likelihood. To ease the
computations, we use the log-likelihood instead of the likelihood function. Additionally,
the multiplicative factors can be ignored during the maximization process. The optimization
problem is described by Equation (36).

Ĉ = arg max
C

log(L(C;D)) (33)

= arg max
C

log(e∑N
i=1 − 1

2 (
ε(Q,D(i))

σv )2
) (34)

= arg min
C

N

∑
i=1

[
ε(C,D(i))

]2 (35)

= arg min
C

N

∑
i=1

[
V̂(i)

oc − voc
(
SoC(i)

0 − ΔQ(i)
ext

C
)]2 (36)

The MLE employs a gradient descent algorithm to generate capacity estimates from
operational data. When the optimization problem is solved, the MLE Module outputs an
estimation of the battery capacity. Although this estimator can be used as a virtual capacity
sensor, the accuracy of the estimates is based solidly on the collected data, which means that
short discharges might produce biased estimates. In addition, noisy sensors may produce
unreliable data points and result in outliers. The MLE-PF framework merges the MLE with
a PF loop to overcome this issue. As a result, the MLE acts as a virtual sensor of battery
capacity, whose outputs are integrated as observations by the PF in a higher-level loop.
These MLE observations are used to update the particle weights in order to compute the
posterior PDF. In this way, inaccurate or incomplete estimates can be corrected using prior
information from the degradation model. In particular, the PF algorithm uses a Gaussian
likelihood function, which gives an estimate of the battery capacity in a Bayesian fashion.
The modular nature of the framework allows for the integration of any degradation model
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within the Particle Filter. In this work, we employ the SoC estimator proposed in [37], along
with the degradation model formulated in [40]. Note that once a posterior distribution of
battery capacity is generated, its expected value is used to update the SoC estimator, which
uses the battery capacity as a normalizing constant to calculate the SoC. This feedback
loop allows for a simultaneous assessment of health and charge, allowing complete battery
characterization during operation.

PF and estimator parameters should be adjusted using an initial set of training cycles.
The procedure presented in [37] allows the parameter adjustment of the battery model
using the operational data of the EV. The variance of the uncertainty of the model process
can be inferred using a small batch of degradation tests. However, other outer feedback
correction loops can be used to dynamically adjust this parameter during operation [62].
Finally, the likelihood variance depends only on the voltage sensor noise variance; hence,
it can be consulted with the vehicle manufacturer or inferred from operational data. In
the case study, this calibration step is performed only on cell W9, which plays the role of
a training cell. The resulting inverse-OCV/ESR parameters and PF noise variances are
then kept fixed when evaluating cells W4, W8, and W10, thus avoiding any leakage of test
information into the tuning stage.

The proposed method uses a PF algorithm since the sequential estimation problem is
characterized by non-linear degradation dynamics. Although both methods are compu-
tationally expensive, this characteristic is not limiting for an on-board application, since
capacity estimates and PF updates are triggered once an equivalent discharge cycle is
completed. This dynamics implies that the execution time of the algorithm is much shorter
than the battery degradation rates.

4. Case Study

Dataset Description

To validate the MLE-PF framework proposed in this work, we used the publicly avail-
able lithium-ion battery aging dataset provided by the Stanford University and released
by the MIT–Toyota Research Center [34]. This dataset documents the degradation of ten
commercial INR21700-M50T lithium-ion cells (NMC–graphite/silicon chemistry, nominal
capacity of 4850 mAh) cycled over a 23-month period under realistic use scenarios. It
encompasses multiple experimental variables and reproduces realistic EV profiles at a
controlled temperature of 25 ◦C, with power demands scaled to the cell’s operational range.

Each cycle consists of full charge–discharge sequence between 100% and 20% of the
SoC. Charging is performed through a two-phase Constant-Current Constant-Voltage
(CCCV) protocol using C-rates between C/4 and 3C for different cells until 100% of the
SoC is reached and the charging current falls below 50 mA. This is followed by a constant-
current discharge at C/4 down to approximately 80% SoC and subsequently by the realistic
conduction profile Urban Dynamometer Driving Schedule (UDDS) discharge to reach
20% SoC.

Diagnostic testing is performed periodically, including capacity testing using Hybrid
Pulse Power Characterization (HPPC) and EIS. By the end of the campaign, cells reached
between 80% and 91% of their initial capacity. Detailed information on the voltage, current,
charge, and discharge capacities, time, and step-index measurements for each cell cycle
are recorded. The following variables have been added or modified by the authors in a
pre-processing phase:

• SoC: calculated for each experiment by integrating the current over time. This value is
normalized with the SoC variation limits (20% and 100%).

• SoH: It is important to note that this dataset does not directly provide the SoH values;
instead, SoH has been derived from capacity measurements. Additionally, the current
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capacity data is not provided for each cycle but is available only at specific assessment
intervals. To establish a continuous SoH trend with values at each cycle, linear
interpolation has been employed to estimate capacity (and consequently SoH) between
the reported data points. This interpolated data will serve as the reference for the
cell SoH. This interpolated data will serve as the reference for the cell SoH. However,
in Section 5 the MLE–PF estimates are also compared against the non-interpolated
ground-truth capacity values at diagnostic cycles, and these errors are reported as the
primary performance metrics.

Among the ten cells, four have been selected for this study due to their higher degree of
degradation, allowing a thorough evaluation of the performance of the proposed model. As
a result, the pre-processing step was applied to cells W4, W8, W9, and W10. Experimental
data from cell W9 were used exclusively to tune the parameters and hyperparameters of
the proposed methodology; consequently, cell W9 is not used to validate it. In contrast,
the remaining three cells have been thoroughly analyzed, and the results are provided in
Section 5.

The specific charging conditions of each cell, ambient temperature, and diagnostics
performed, including the number of charge-discharge cycles each cell had completed at
the time of each diagnostic assessment, are detailed in Table 1. It is crucial to note that
the frequency of diagnostic tests that evaluate the SoH of cells is not uniform; that is, they
are not performed after a constant predetermined number of cycles. In some cases, these
tests are performed every 25 cycles; in others, they may be conducted every 48 cycles. As a
result, the initial capacity value is defined as the one reported in the first cycle immediately
after a diagnostic test, and the final value corresponds to the capacity measured in the last
cycle before the next diagnostic test. The capacity test is carried out by first bringing the cell
to 100% SOC and then discharging it with a current equal to one-twentieth of its nominal
capacity. Using such a very low current keeps over-potential losses practically zero, so the
voltage profile follows the open-circuit curve, and the charge removed can be taken as an
accurate measure of the cell’s actual capacity.

Table 1. Operating conditions of the studied cells. For each diagnostic assessment (D1–D9), the table
reports how many charge-discharge cycles each cell had completed at the time of the corresponding
diagnostic test. Adapted from [63].

Cell T [°C] Charge C-Rate D1 D2 D3 D4 D5 D6 D7 D8 D9

W4 23 C/4 0 25 75 123 132 159 176 179 N/A

W8 23 C/2 0 25 75 125 148 150 151 157 185

W9 23 1C 0 25 75 122 144 145 146 150 179

W10 23 3C 0 25 75 122 146 148 151 159 188

5. Results

In this section, the results regarding cells W4, W8, and W10, selected due to their higher
degree of degradation, are reported. In particular, we present the MLE-PF SoH estimates
along with the ground truth values reported in the Stanford dataset. To quantify how well
the model follows the actual degradation dynamics, we computed the Mean Absolute Error
(MAE) for each cell in a box plot visualization. In addition, we performed a sensitivity
analysis of the FEM with respect to the low-current threshold Ith and the minimum low-
current duration Tth, by evaluating how the number of detected pseudo-open-circuit
voltage points NOCV varies across different parameter combinations. Furthermore, we
analyze how the SoH estimation error (in terms of MAE) changes as a function of different
(Ith, Tth) combinations to assess the robustness of the proposed MLE-PF framework.
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5.1. Sensitivity Analysis of Low-Current Detection Parameters

The FEM relies on two hyperparameters that determine when a voltage sample can be
treated as a pseudo-open-circuit voltage VocP : the low-current threshold Ith and the mini-
mum low-current duration Tth, which correspond to the conditions in (19). To assess the
robustness of the proposed methodology with respect to these parameters, we performed a
sensitivity study on cell W4 of the Stanford dataset. For a grid of (Ith, Tth) combinations,
we counted the total number of pseudo-OCV points, denoted by NOCV, detected across all
available work cycles using the same driving profile and data preprocessing described in
Section 4.

Figure 4 indicates that different (Ith, Tth) combinations yield a comparable number
of detected pseudo-OCV points NOCV. For this reason, we restricted the detailed error
analysis to the representative settings reported in Table 2, instead of exhaustively evaluating
every pair in the grid.

Figure 4. Sensitivity of the detected pseudo-OCV points to the low-current detection parameters. The
heat map shows the total number of pseudo-OCV points NOCV as a function of the current threshold
Ith and the minimum low-current duration Tth for cell W4.

Table 2. Summary of sensitivity analysis results for cell W4 under different combinations of current
and time thresholds.

Ith [A] Tth [s] Interpolated MAE [%] MAE at Diagnostic Tests [%] NOCV

0.025 47 0.235 0.349 1026
0.050 47 0.480 0.420 1512
0.025 23 0.573 0.487 4270
0.050 23 0.507 0.503 7835
0.075 23 0.937 1.040 7927
0.100 23 0.850 1.020 9387

Bold italics indicate the best-performing parameter combination in the sensitivity analysis.

Table 2 reports, for each (Ith, Tth) combination, three metrics: the Interpolated MAE,
computed over all work cycles; the MAE at diagnostic tests, evaluated only at the diagnostic
cycles where reference capacity measurements are available; and the total number of
detected pseudo-OCV points NOCV. In both cases, the SoH estimation error is obtained by
comparing the SoH estimated by the proposed MLE–PF framework against the reference
SoH derived from the ground-truth capacity measurements in the Stanford dataset. From
Table 2, the lowest MAE is obtained for Ith = 0.025 A and Tth = 47 s, both for the
interpolated and non-interpolated errors. This combination corresponds to the smallest
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current threshold and the longest low-current duration among the tested cases, which is
consistent with the physical intuition behind the Feature Extraction Module: as the current
decreases and the low-current window becomes longer, the measured terminal voltage has
more time to relax and becomes closer to the true OCV curve.

It is also worth noting that this best-performing configuration is associated with the
smallest number of detected pseudo-OCV points within the tested set. This suggests
that, at least for cell W4, the quality of the selected points—i.e., how close they are to
the underlying OCV response—is more important for the MLE performance than simply
maximizing NOCV. Based on this trade-off, the pair Ith = 0.025 A and Tth = 47 s was
adopted in the following experiments.

5.2. SoH Estimation Results

Figures 5–8 show the SoH estimation results obtained with the proposed MLE–PF
algorithm for cells W4, W8, and W10. Each figure includes the MLE–PF output, the ground-
truth reference, and the 5–95 % confidence interval estimated from the particle distribution.
Orange markers indicate the estimated SoH values at diagnostic cycles, while the lower
panel in each figure presents the corresponding absolute error evolution over all cycles.
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Figure 5. SoH estimation results for cell W4 showing the MLE–PF output, the ground-truth reference,
and the posterior 5–95% credible interval (nominal 90% level), together with the error evolution
across cycles (# denotes the cycle index).
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Figure 6. SoH estimation results for cell W8 showing the MLE–PF output, the ground-truth refer-
ence, and the posterior 5–95% credible interval (nominal 90% level), along with the error evolution
across cycles. (# denotes the cycle index).
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Figure 7. Empirical coverage of the 5–95% credibility interval for cells W4, W8, and W10. The dashed
line indicates the nominal 90% level.
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Figure 8. SoH estimation results for cell W10, showing the MLE–PF output, the ground-truth
reference, and the posterior 5–95% credible interval (nominal 90% level), along with the error
evolution across cycles (# denotes the cycle index).

Figure 5 shows the results obtained for cell W4, where the Stanford dataset indicates
an overall approximately 6% degradation in SoH across the full cycling range. The plot
demonstrates that the proposed MLE-PF model effectively tracks the cell’s degradation
throughout its operational life. Notably, the point-wise error remains comfortably below
0.5%, and the overall MAE is 0.235% when computed over all work cycles and 0.349% at
diagnostic test points (see Table 3), indicating consistent accuracy and stable convergence
of the estimator. The 5–95 % confidence interval remains narrow over most of the test,
confirming that the particle distribution captures the expected variability while preserving
a low estimation uncertainty.

Table 3. SoH estimation MAE. The interpolated MAE is computed over all work cycles using the
linearly interpolated ground-truth values, while the diagnostic MAE is calculated only at diagnostic
test cycles.

Cell Interpolated MAE [%] MAE at Diagnostic Tests [%] Diagnostic Points Used

W4 0.235 0.349 8
W8 0.369 0.686 9
W10 0.465 0.517 9
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For cell W8, the results shown in Figure 6 depict a similar scenario, with an interpolated
MAE of 0.369% and a MAE at diagnostic tests of 0.686% (Table 3), closely following the
actual degradation trend, although the error increases near the final cycles after the drop
around 145–155.

Finally, the results for cell W10, presented in Figure 8, exhibit comparable performance
in capturing degradation dynamics, with a resulting interpolated MAE of 0.465% and a
MAE at diagnostic tests of 0.517% (Table 3); the late-cycle deviations remain bounded by
the credibility band.

Overall, the results indicate stable precision and support the effectiveness of the
MLE–PF in predicting the SoH trend across cells. As summarized in Table 3, with W4
achieving the lowest overall error, W8 showing a slight increase during the final degradation
stage, and W10 maintaining a consistent tracking of the reference trend. Figure 9 illustrates
these results by representing the estimation error distributions of cells W4, W8, and W10
with box plots, reflecting the same relative behavior reported in Table 3. Figure 7 shows
that the empirical coverage of the 5–95% credibility band is close to the nominal 90% level
when all cycles are considered. At diagnostic cycles the coverage is lower for W4 and W8,
while W10 is closer to the nominal value. Since all three cells have only a small number of
diagnostic measurements, these percentages are sensitive to a few mismatches; in a realistic
deployment with more diagnostic data available, the empirical coverage at those points
would be expected to fluctuate less and to concentrate around the nominal level.
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Figure 9. Distribution of SoH estimation errors for cells W4, W8, and W10.

6. Discussion

The results obtained from the performed experiments confirm the accuracy of the
proposed methodology for online lithium-ion cell SoH estimation. The methodology
considers a feature selection module that saves the most significant measurements during
operation to create a feature set that is later employed to generate MLE capacity estimates.
These estimates are later filtered to suppress possible artifacts when the data presents
anomalies. In a practical implementation, a device should capture current and voltage
measurements from the CAN bus and then process them to generate capacity estimates
and filter updates once equivalent cycles are completed. Note that this latter processing can
be performed with cloud computing if the computational capacity of the onboard device
is limited. These findings are consistent across all cells and align with the error summary
presented in Table 3.

Beyond these baseline results, the sensitivity analysis reported in Section 5.1 (Figure 4
and Table 2) indicates that the MLE-PF framework is robust to different combinations of the
low-current threshold Ith and the minimum low-current duration Tth, with similar MAE
values for most of the tested settings. At the same time, the smallest errors are obtained
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when pseudo-OCV points are extracted under the most restrictive conditions, that is, using
the lowest current threshold and the longest dwell time, which is consistent with the idea
that lower currents and longer relaxation intervals produce voltage samples closer to the
true OCV. These two hyperparameters were selected for the sensitivity study because they
can be directly tuned in a practical implementation, whereas the uncertainties associated
with the ESR compensation are absorbed into the process and measurement noise of
the MLE-PF framework and are identified offline under the nearly constant-temperature
conditions of the Stanford dataset. A systematic assessment of the sensitivity of ESR model
parameters to temperature variations remains an open topic for future investigation.

From an application point of view, the outcome of this online SoH estimation pro-
cedure can serve many purposes during the lifetime of the vehicle. For instance, since
autonomy directly depends on the battery capacity, having SoH estimates can drastically
enhance precision in autonomy prognosis algorithms, especially at the end of the battery
life cycle.

The high versatility and scalability of the framework lie in its modularity, which
enables the application of the framework on different types of batteries with different
chemistries, after an offline parameter tuning phase. In particular, in this case, the imple-
mentation of Thévenin-equivalent battery models can reproduce the electrical behavior of
batteries, packs, and cells from different chemistries and configurations.

In addition to these benefits, our approach differs from existing methods in at least
two other significant aspects. First, it adapts to the usage of a real electric vehicle without
a specific discharge profile. Several model-based methods handle degradation under
different C-rates but still assume stationary or fixed operating profiles throughout each
discharge cycle [64]. These assumptions are impractical in an EV, where driving patterns
vary daily. In contrast, we only require samples in the operational data where the current
is sufficiently low to treat the measured voltage as an approximation of the open-circuit
voltage. This requirement is easy to meet during regular driving, as vehicles often remain
near zero current while coasting or at low power demand. Thus, we estimate capacity by
collecting these naturally occurring measurements over one or more trips, which makes
the method suitable for everyday EV operation.

Second, the proposed algorithm needs a small set of parameters that can be extracted
from a few conventional tests or short operational campaigns. The Thévenin-equivalent
model [65] demands limited information, unlike machine learning models based on large
labeled data sets and long training times [17].

In our method, parameter tuning involves recording voltage and current data from
ordinary vehicle usage, fitting the open-circuit voltage curve with a few parameters, and
characterizing internal resistance with a straightforward polynomial. This procedure
alleviates the computational demands associated with training complex neural networks
or gathering extensive aging data, while also improving explainability, an pivotal aspect
in safety-critical scenarios. Because the model structure is simple and the number of
parameters is small, the estimator can be executed with limited processing capability and
does not require laboratory-grade calibration. This simplicity is particularly advantageous
in situations where the initial state of the battery is uncertain or only roughly defined, which
is unfortunately often encountered in practical EV applications. Under those conditions,
highly complex models tend to be sensitive to initialization or to gaps in the training
data, whereas a low-dimensional parametric description can still produce reasonable
intermediate estimates as soon as real measurements become available. Here the PF plays a
key role: by propagating a set of hypotheses and weighting them with actual observations,
the PF progressively corrects the initial uncertainty and steers the estimate toward the
behavior observed in the vehicle. This is particularly relevant in EV operation, where
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charge and discharge cycles are rarely complete and the information content of the data
is lower than in laboratory cycling: even with these fragmented, opportunistic profiles,
the PF can converge towards the true SoH trajectory after a few updates. Consequently,
the proposed estimator remains easy to implement on low-cost hardware, adapts quickly
to practical EV usage conditions, and converges robustly to accurate SoH estimates in
real deployments.

7. Conclusions

This work presents a practical and scalable approach for real-time SoH estimation
of lithium-ion batteries in electric vehicles. It operates using standard operational data,
eliminating the need for predefined discharge profiles or controlled degradation tests. This
makes it well-suited for seamless integration into routine EV operations. Moreover, the
approach is inherently scalable across different lithium-ion cells, and even for modules
and battery configurations, as it does not depend on degradation datasets for parameter
tuning. By leveraging a Thévenin-equivalent circuit model, the parameter estimation
process remains computationally efficient and adaptable, avoiding the complexity typically
associated with machine learning-based methods. Across the case study, the proposed
method tracks SoH with mean absolute errors below 1%, using only on-board voltage and
current signals.

A critical aspect of this method is its reliance on the OCV model, which provides a
detailed understanding of battery behavior under various operational conditions. Coupling
this OCV model with the MLE framework enables accurate capacity estimation, even when
starting from an arbitrary SoC. This capability is crucial in real-time applications, where
battery conditions often vary significantly and unpredictably. In addition, the inclusion of
PF adds a layer of robustness by accounting for uncertainties in the measurement process
and the inherent variability of battery performance. The synergy between MLE’s statistical
basis and PF’s adaptive framework corrects deviations in SoH estimates while ensuring that
the predicted capacity remains closely aligned with the degradation dynamics observed in
the dataset.

The sensitivity analysis of the low-current detection parameters further indicates that
accurate SoH tracking can be achieved with a relatively small number of high-quality
pseudo-OCV points, provided that the current and time thresholds are chosen to favor
measurements close to true open-circuit conditions.

Taken together with the experimental results on cells W4, W8, and W10, these findings
confirm the efficacy of the proposed method for estimating the SoH of lithium-ion batteries
with standard operational profiles. By leveraging operational data, this method provides a
noninvasive, efficient, and accurate tool to monitor battery degradation in real-time.

Overall, the method developed in this work offers a practical and scalable solution
for real-time SoH monitoring of lithium-ion batteries in electric vehicles. Its application
can significantly enhance the efficiency of battery management systems, contributing to
a broader adoption of EVs by ensuring reliability and safety. Future work will focus on
further refining the model parameters and exploring the integration of additional data
sources, such as temperature and external load variations, to improve the accuracy and
applicability of the SoH estimation process.
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Nomenclature

The following abbreviations are used in this manuscript:

Abbreviation Definition
EV Electric Vehicle
LIB Lithium-Ion Batteries
DoD Depth of Discharge
SoH State of Health
EIS Electrochemical Impedance Spectroscopy
BMS Battery Management System
PF Particle Filter
SoC State of Charge
RUL Remaining Useful Life
SoH State of Health
PHM Prognostic and Health Management
CAN Controller Area Network
MLE Maximum Likelihood Estimation
MLE-PF Maximum Likelihood Estimation-Particle Filter
BF Bayesian Filter
OCV Open-Circuit Voltage
SIS Sequential Importance Sampling
PDF Probability Density Function
FEM Feature Extraction Module
CCCV Constant-Current Constant-Voltage
UDDS Urban Dynamometer Driving Schedule
HPPC Hybrid Pulse Power Characterization
t time step index
k Work cycle index
I Current
Δt Sampling time
w SoC process noise
Voc Open-circuit voltage
VocP Pseudo-open-circuit voltage
C Battery capacity parameter (used in the MLE module)
Ck Battery capacity at work cycle k
C0 Initial (nominal) battery capacity
η Efficiency factor
v Capacity process noise

175



Batteries 2025, 11, 451

L Likelihood function
θ MLE parameters
f (xi; θ) Probability density function of the data xi given the parameters θ

T Low current counter
D Set of observations
Rint Battery internal resistance
Qext Extracted charge
Ith Low-current threshold used in the FEM
Tth Minimum low-current duration used in the FEM
NOCV Total number of detected pseudo-OCV points
ESR Equivalent Series Resistance (internal resistance of the cell)
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