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Article Info  Abstract 

Article History:  The paper highlights a novel approach that provides a system-level Battery 
Management System (BMS) review for electric vehicles (EVs), particularly with 
respect to Hardware-in-the-Loop (HIL) validation. This bridges the gap between 
algorithmic research and real-time BMS testing. Energy storage system (ESS) 
technology remains a challenge for EVs, expected to dominate future transport. A 
sophisticated BMS is crucial for monitoring battery health, ensuring safety, and 
extending lifespan. Using voltage, current, and temperature measurements, the 
BMS estimates parameters like SOC, SOH, impedance, capacity, power fade, and 
remaining life, vital for safety devices, charge balancing, thermal management, and 
optimal charging. Resilient BMS includes precise characterization, reliable 
estimation, and effective control. Development requires comprehensive testing of 
analog I/O and embedded code; HIL simulations offer advantages over traditional 
testing, providing reproducibility, efficiency, and safety, especially for ranges 
beyond normal limits. HIL is invaluable for early development, particularly for 
logic and fault testing. This review covers Li-ion battery modeling using 
experimental data, implemented in real time with Opal-RT HIL. A scalable model 
with electronic devices enables thorough BMS testing, demonstrating the 
validation of key functions, including protection, temperature, current, voltage 
monitoring, and cell balancing. HIL simulation is essential for modern BMS 
development. 
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1. Introduction 

A quarter of the world's energy use is attributed to gasoline-powered cars [1]. When EVs take their 
position in the not-so-distant future, rechargeable batteries may help. Rechargeable batteries (RBs) 
are now used in power tools, home appliances, renewable energy systems, portable electronics, 
and airplanes in addition to electric cars. The performance of RBs has been a focus for the US, Japan, 
China, and Germany in recent years, with notable progress made in this area [2]. Many energy 
storage technologies have gained acceptance for use in transportation in recent years, comprising 
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Zinc-bromide flow battery (ZBFB), Lead-acid, Lithium-ion (Li-ion), Sodium nickel chloride 
(NaNiCl), Vanadium redox flow battery (VRFB), Nickel-Cadmium (NiCd), and Sodium sulphur (NaS) 
batteries [3]. The Li-ion battery is one of the best, offering a long lifespan, high power density, low 
discharge rate, high efficiency, and high dependability [4]. Furthermore, the costs of Li-ion batteries 
are decreasing, making them more attractive in the EV sector [5], and as a result, the market for Li-
ion batteries is expanding [6]. Thermal runaway, an irreversible chemical process triggered by 
several factors, including overvoltage and extreme temperatures, can occur in lithium-ion 
batteries. Thermal runaway and other safety-related issues are more likely to occur when the 
battery needs to be fast-charged, which is particularly important in the use of electric vehicles [7-
8]. Various factors impact the effectiveness of energy storage in batteries; in particular, the use of 
EVs aims to maximize efficiency. Charge efficiency, for instance, is the proportion of the total energy 
required for charging [9]; high charging demands result in significant energy loss in the form of 
heat. Appropriate SOC estimation algorithms ensure that efficiency is enhanced by assisting in the 
design of minimal battery-pack configurations based on specific criteria. The dependability, 
efficiency, and safety of a battery-powered system are ensured by a Battery Management System 
(BMS).  BMS algorithms aim to improve battery efficiency in multiple ways; optimal charging 
algorithms aim to minimize heat waste and reduce degradation of the battery's state of health. One 
typical cause of safety and reliability problems with Li-ion batteries is short-circuited cells, which 
can also result from individual cells in a battery pack becoming unbalanced over time [10-12]. 
Energy Storage System (ESS) technology poses significant challenges for electric vehicles (EVs), 
primarily due to trade-offs in Li-ion battery chemistries regarding energy density, power rating, 
safety, cost, and lifespan [13-15]. While high-energy-density batteries like NMC and NCA offer 
longer ranges [16-17], they degrade more quickly and present thermal safety risks compared to 
LFP batteries [18-19]. Battery degradation is influenced by complex factors, such as temperature 
and charging or discharging rates [20], with fast charging exacerbating the issue [21]. Additionally, 
the environmental impact of Li-ion batteries, including the use of critical materials and low 
recycling rates [22], underscores the need for balanced advancements in battery technology [23], 
control strategies, and sustainable practices [24]. 

We may effectively employ HIL tests to verify these operations. The benefits of several rechargeable 
batteries and BMS technologies—such as heat management, SOH, and SOC estimations—are 
presented in this overview. Next, a thorough description of the BMS HIL test procedure in the EV 
application was given. Future directions for research have also been discussed. So, the novelty and 
the contribution of the work are mentioned as follows; 

• Heat management is discussed and verified for improving the battery management system. 
• Estimates like SOH and SOC for rechargeable batteries are presented. 
• A thorough description of the BMS HIL test is presented for the EV application. 

The paper aligns strongly with several Sustainable Development Goals, particularly SDG 7: 
Affordable and Clean Energy, SDG 9: Industry, Innovation and Infrastructure, and SDG 13: Climate 
Action, by advancing the development of efficient and reliable BMS for EVs. Through the use of HIL 
simulation, the study promotes innovative and safe testing methods that enhance battery 
performance, lifespan, and safety, which are critical for the widespread adoption of energy storage 
systems and clean transportation. Improved monitoring and estimation of battery parameters such 
as state of charge and health contribute to optimized energy use and reduced resource waste, 
supporting SDG 12: Responsible Consumption and Production. Additionally, by enabling more 
dependable electric vehicles, the research contributes to cleaner urban mobility and supports SDG 
11: Sustainable Cities and Communities, ultimately helping reduce carbon emissions and combat 
climate change. 

2. Review of Research Findings 

2.1 Energy Storage Systems  

A motor, a power converter, a mechanical transmission, and an ESS comprise the main parts of an 
electric vehicle. Globally, various energy storage systems are currently available, including lead-
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acid, VRFB, ZBFB, NaS, NaNiCl, and Li-ion. The table below lists all the features of the batteries 
previously discussed.  

Lithium-ion batteries have the highest power and energy densities, whereas VRFB batteries have 
the longest life cycles, as shown in the table above. Regarding cost, nominal voltage, and life cycle, 
Li-ion batteries are ideal for electric vehicle applications. The spider chart for the chemistries of 
the various cells is displayed in Figure 1 to facilitate easy understanding and comparison [26]. 

Table 1. Characteristics of the various types of energy storage systems [25] 

Battery 
type 

Energy 
Density 
(Wh/L) 

Power 
Density 
(W/L) 

Nominal 
Voltage 

(V) 

Life 
cycle 

DOD  
(%) 

Round-trip 
efficiency 

(%) 

Estimated 
Cost 

USD/kWh 

Lead acid 50-80 10-400 2.0 1500 50 82 105-475 
NaS 140-300 140-180 2.08 5000 100 80 263-735 

NaNiCl 160-275 150-270 - 3000 100 84 315-488 
NiCd 60-150 80-600 1.3 2500 85 83 - 
VRFB 25-33 1-2 1.4 13000 100 70 315-1050 
ZBFB 55-65 1-25 1.8 10000 100 70 525-1680 

Li-ion 200-400 
1500-
10000 

4.3 10000 95 96 200-1260 

 

 

Fig. 1. Spider chart of chemistries of various cells [26-28] 

2.1.1 Lithium-Ion Battery 

A Lithium-ion cell is composed of a separator, two current collectors, a cathode (negative 
electrode), an anode (positive electrode), and both. Li-ion manganese oxide (LMO), Li-iron 
phosphate (LFP), Li-Sulphur (LiS), Li-Titanate Oxide (LTO), or Li-nickel-manganese-cobalt oxide 
(LNMC) are the materials generally found in the anode, whereas graphite typically acts as the 
negative electrode. Ethyl or diethyl carbonate can be used as the electrolyte. As negative and 
positive current collectors, respectively, copper and aluminium are employed.  

Table 2. Comparison of several Li-ion battery types [2,27] 

 

Type 
Energy 
Density 

(Wh/kg) 

Power 
Density 
(W/kg) 

Life 
Cycle 

Estimated 
Cost 

(USD/kWh) 
Safety Maturity 

LMO 160 200 2000 360 Good Commercial 

LFP 120 200 2500 360 Good Commercial 

LNMC 200 200 2000 360 Good Commercial 

LTO 70 1000 10000 860 Good Demo 

LiS 500 - 100 - Good R&D Stage 
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The following Table [2,] compares several Li-ion battery types. Lithium-ion batteries are the best 
choice for EVS; however, they must still possess a long-life cycle, improved performance, better 
thermal control, and lower capital costs. 

2.1.2 Battery Management System (BMS) 

The architecture and design of the BMS are dealt with at a conceptual level in the current work. 
However, a comprehensive system-level embedded BMS architecture, comprising sensing layers, 
real-time estimation modules, control logic, safety monitoring, and communication interfaces, has 
not been fully developed within the current scope. The current work provides the necessary 
functional building blocks and requirements for such development, while hardware-software co-
design and real-time development will be carried out in future work. In the current study, the 
parameters of the equivalent circuit model (ECM) and thermal model were primarily taken from 
the literature and datasheet values, and were adapted for HIL simulation compatibility, rather than 
fully characterized through experimental parameter identification and optimization. The 
experimental identification and optimization of ECM and thermal model parameters using 
laboratory test data (such as pulse testing, Hybrid Pulse Power Characterization (HPPC), and 
thermal cycling) will be considered in future work. 

A robust and advanced BMS is needed when ESS has adequately matured. The BMS consists of three 
main components in EVs: controls, sensors, and actuators. An efficient BMS performs the following 
primary tasks. i) protects the battery; ii) operates within safe limits for voltage, current, and 
temperature; and iii) precisely measures and evaluates the battery's state [28]. 

 

Fig. 2. Relation of key technologies in the BMS [29] 

2.1.3 State of Health Estimation 

In this study, thermal management is not explicitly included as the focus is on developing a 
framework for electrical behavior modelling and estimation. While thermal phenomena are crucial 
for battery safety and other functions in electric vehicles, incorporating electro-thermal modelling 
would complicate the system. This work lays the groundwork for future complete BMS 
implementations that will address thermal effects. 

Degradation of batteries results in a reduction in their energy storage capacity and fast 
charging/discharging performance. The degree of aging of batteries can be assessed quantitatively 
using the SOH index. Model-based and experimental analytic methods are the two groups into 
which SOH estimation techniques can be divided [30], as illustrated in Figure 3 below. The battery 
SOH has no specific definition. A broad explanation of battery SOH is as follows:  
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𝑆𝑂𝐻(𝑡) = 𝑆𝑂𝐻(𝑡0) + ∫ 𝜕𝑓𝑢𝑛𝑐

𝑡

𝜏=𝑡0

(𝐼, 𝑇, 𝑆𝑂𝐶, 𝑜𝑡ℎ𝑒𝑟𝑠)𝑑𝜏 
(1) 

where SOH (t0) represents the initial battery SOH, an aging rate function is highly dependent on 
several variables, including temperature, current, and SOC. Other variables that SOH represents 
include mechanical vibrations and over-potential. 

The capacity/energy measurement test is suitable for bench tests or stable conditions, as it requires 
precise data collection and high integrity of the charging and discharging processes. Ohmic 
resistance measurement is a simple, accurate, and real-time method that requires pulse voltage 
and current. Impedance measurement requires an electrochemical workstation or AC excitation 
apparatus [31]. Electrochemical Impedance Spectroscopy (EIS) can yield distinctive parameters for 
calibrating SOH. A multi-step derivation technique indirectly estimates internal resistance or 
capacity by analyzing various health indicators, including film resistance, the capacity-OCV-SOC 
response surface, the voltage response trajectory, the incremental capacity curve, and ultrasonic 
wave response. Battery SOH can be assessed by combining multiple health parameters. 

 

Fig. 3. Flow chart showing estimation methods of SOH [31] 

The empirical/fitting approach is a data-driven method for estimating battery life based on 
available aging data. It uses polynomial, exponential, power law, logarithmic, and trigonometric 
functions, often computing quickly and with minimal computational complexity. The Arrhenius 
equation is used to model temperature-dependent processes, such as diffusion coefficients and 
creep rates, demonstrating its effectiveness in SOH calculations [32]. The Arrhenius equation can 
also be used to describe the temperature-dependent aging rate of batteries, as shown in the 
following equation; 

𝑑𝐶

𝑑𝑛
=  ᴧ 𝑒

−
∆𝐸

𝑅𝑔𝑇 = ᴧ 𝑒−
𝜆

𝑇 
(2) 

SOH 
Estimation 
Methods

Experimental 
Methods

Direct 
Measurement

Methods

Capacity/Energy Test

Ohmic Internal

Resistance

Impedance-eis

Cycle Number

Counting

Indirect 
Analysis

Methods

Voltage Trajectory

Methods

ICA Method

DVA Method

Model Based 
Estimations

Adaptive

Algorithms

Joint Estimation

Methods

Co-estimation

Methods

Combined Methods

Data-
driven

Methods

Empirical/Fitting

Methods

Optimization

Algorithms

Sample Entropy
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Where  
𝑑𝐶

𝑑𝑛
  represents the change rate of cell capacity relative to the aging cycle, ᴧ indicates the pre-

exponential factor, 𝑅𝑔 is defined as the general gas constant, i.e., 8.314 J/(mol K), ∆E denotes the 

activation energy, in units of J/mol, and T refers to the absolute temperature, in units of K. ᴧ and λ 
∆𝐸

𝑅𝑔
 represent two unknown parameters needing to be calibrated. Integrating Eq. gives; 

𝐶𝑟  =  − ᴧ𝑛𝑐𝑒
−
𝜆

𝑇

 

(3) 

Where 𝐶𝑟  indicates the threshold of capacity reduction, indicating the degradation of the cell, and 
𝑛𝑐 denotes the cycling life of the cell. Two different temperature points, 𝑇1 𝑎𝑛𝑑 𝑇2(𝑇1  >  𝑇2), were 
selected. 

∆𝑛𝑐 =
𝐶𝑟
ᴧ
(𝑒

−
𝜆

𝑇2 − 𝑒
−
𝜆

𝑇1)

 

(4) 

The influence of temperature on the cell lifetime is described quantitatively by ∆nc, which is defined 
as the lifetime gap between two temperature levels. The Arrhenius equation can be used to evaluate 
the battery's SOH at several temperatures once its characteristics have been determined. 

The current method for estimating SOH differs from those used in neural networks or machine 
learning topologies. Neural networks are used for voltage curve estimation, while machine learning 
topology utilizes changes in temperature, current, and internal circuit characteristics. Support 
vector machine approaches classify SOH; partial charging voltage curves are estimated. Charging 
time and capacity required for online estimation. The terminal voltage under the hybrid pulse 
power characterization current profile is identified using a sample entropy approach [33-37]. 

2.1.4 Optimal Charging 

The safety mechanisms in the system include fault detection, isolation, protection logic, and abuse 
handling, ensuring reliable operation of EV components under abnormal conditions. However, a 
lack of description regarding the fault conditions tested in HIL simulations hinders understanding 
of the mechanisms' effectiveness during actual faults. Battery charging using modern technology is 
outdated, time-consuming, and insecure compared to gasoline [38]. Optimal charging algorithms 
(OCA) have gained attention, with the continual trickle-current-based strategy being a popular 
technique [39]. However, shortening the charging time by increasing the charging current results 
in the terminal voltage exceeding the safety threshold [40-41]. When the terminal voltage reaches 
a threshold, the initial higher current needs to be reduced [42]. 

The constant-current constant-voltage (CC-CV) strategy is a popular method for quick charging, 
offering shorter charging times and longer battery life cycles [43]. Taguchi-based battery charging 
techniques use orthogonal arrays for methodical solution selection [44-45]. Boost charging 
delivers high current to depleted batteries, while pulse-charging techniques require brief rest 
intervals or intentional discharging phases [46-48]. Battery charging profile optimization can be 
achieved using soft-computing techniques, such as an ant colony method and a universal voltage 
protocol [49-50]. These methods aim to improve cycle life and charging efficiency by establishing 
a specific charging profile based on the battery's SOH [51]. An optimization method, utilizing a cost 
function that combines energy loss and time-to-charge, has been employed to determine the 
optimal charging plan [52-53]. Alternative methods include data mining, neural networks, and 
genetic algorithm-based tactics, as well as grey-predicted charging systems [54-56]. 

In charging optimization, advantage is taken of battery models that were developed in earlier 
studies. The effects of temperature, health state, and charging-voltage threshold on charging 
outcomes are examined for lithium nickel manganese cobalt oxide (LiNMC) and lithium iron 
phosphate (LiFePO4) batteries [51]. Constant-current-constant-voltage (CC-CV) charging is 
considered the most popular method for charging lithium-ion batteries. However, the battery's 
performance and lifespan are affected by excessive temperature increases during the CC stage. It 
follows that an extension of the CV process is required. An ideal charging algorithm based on the 
Genetic Algorithm (GA) is proposed below to minimize the charging temperature increment while 
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maintaining a reasonable charging time. The correlation equation can be expressed as follows if the 
battery temperature is measured following a 0.1% SOC increment. 

      

                                           

 

 

Fig. 4. The test chart for the collection of battery data. [52] 

 

Fig. 5. Pareto charts of the multi-objective optimization for the two types of Li-ion batteries at 
22ᵒC: (a) LiNMC battery; (b) LiFePO4 battery, where α is the weighting factor that takes values 

from 0 to 1, which reflects the proportionate importance of the two objectives. [52] 

 

𝑇(𝑆) = 𝑇(𝑆 − 0.1%) +
𝐼2. 𝑅0 + 𝐼. 𝑉𝑝 − 𝐴. ℎ(𝑇(𝑆 − 0.1%) − 𝑇𝑎𝑖𝑟)

𝑚𝐶
 

(5) 
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where S is SOC, I is charging current, 0R is the Ohmic resistance of the battery, 
pV  is polarization 

voltage, h is the heat transfer coefficient, airT  is ambient temperature, m is the mass of the battery, 

A is the surface area of the battery, and finally C is the specific heat capacity. 

We define 
2

0( ) ( . . . . ) /p airI I R I V AhT mC = − +   and 1 . /Ah mC = −  

Now, the above equation can be written as  

( ) ( )( ) . 0.1% . 0.1% ( )T S T S S I = − − +

 

(6) 

The solution of the equation can be calculated. The solution of the equation can be calculated. 

1

1

0

( ) . (0) . ( )
k

k k l

l

l

T S T I  − −

+

=

= +
 

(7) 

Where 0.1%

s
k =

 

Now 0R and 
pV  need to be appropriately estimated. These parameters can be calculated by the 

Hybrid Pulse Power Characterization (HPPC) test and the Equivalent Circuit Model (ECM).  

 

Fig. 6. Measured OCV curve with different SOC values [48] 

Fig. 6 shows the measured OCV curve with different SOC values. The relation between OCV and 
battery SOC can be standardized as follows – 

7 6 5 4 3 2

1 2 3 4 5 6 7 8( )OCVf S PS P S P S P S P S P S P S P= + + + + + + +

 

(8) 

Similarly, this figure shows the measured ohmic resistance with changing SOC. The relationship 
can be formulated as follows; 

0

5 4 3 2

1 2 3 4 5 6( )Rf S a S a S a S a S a S a= + + + + +
   

 

(9) 
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Fig. 7. Plot between battery ohmic resistance and SOC [48] 

Polarization voltage can be calculated as,  

0
( ) . ( )P t OCV RV V f S I f S= − −

 

(10) 

 

Fig. 8. Polarization voltage versus charging rate with different SOC levels [48] 

 

The difference between the end and beginning temperatures can be characterized as the objective 
function, considering the influence of battery temperature and the battery charging temperature 
model. Assuming that the charging process takes n steps to attain the target SOC, the initial 
temperature T(0) is 𝑇0, the final temperature T(n) is 𝑇𝑛, and therefore the temperature increment 
is ∆𝑇 = 𝑇𝑛 − 𝑇0 

( ) 1

0 1 0

0

. 0 . ( )
k

k k l

n l

l

J T T T I T  − −

+

=

= − = + −

 

(11) 

1000
1000 1

0 1

0

( 1). . ( )
n

k n l

l

l

T I  − −

+

=

= − + 

 

(12) 

The optimization goal is to determine the optimal charging current, I1, to minimize the objective 
function, J, during the charging process. Battery charging time is a significant index to evaluate a 
charging strategy, which is different as the time taken to charge the battery from the initial SOC. 

𝑆𝑖𝑛𝑖𝑡𝑖𝑎𝑙  to target SOC, Starget. Now, the sum of the charging time at each step, i.e.   
1

n
l

total

l l

C
t

I=


= . Where 

lC  denotes the value at the different steps of the charging capacity.  
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Fig. 9. Temperature variation profile [48] 

The total charging time is lower than the constant current charging strategy. Therefore 𝑡𝑡𝑜𝑡𝑎𝑙 ≤ 𝑡𝑐𝑐  
, Where 𝑡𝑐𝑐  refers to the charging time required when charging the battery at a constant current, as 
specified by the battery manufacturer. The charging current and voltage should be lower than the 
maximum permissible charging current and the maximum cut-off voltage, respectively, i.e. 𝑉𝑡  ≤
 𝑉𝑐𝑢𝑡; 𝐼𝑡 ≤ 𝐼𝑚𝑎𝑥 . 

The implementation process is shown in the figure below. When charging from Sinitial, it is assumed 
that x charging values and z step charging stages exist; therefore, 𝑥𝑧 types of current combinations 
are obtained.  Each type of charging current combination corresponds to a specific charging 
temperature increment mode; the minimum temperature increment current combination is 
selected as the optimal charging current. 

2.1.5 Battery Thermal Management 

Thermal behaviour, including temperature, is crucial for battery performance and lifespan in 
electric vehicles (EVs) [57]. Models capture this, including data-driven, reduced-order thermal, as 
well as heat generation and heat transfer, which explain the non-uniformity within batteries. Three 
widely used methods for evaluating the generation of heat in batteries are presented in Eq. (13) 
and are utilized extensively in real-time applications [58–61]. 

{
 

 
𝑄1  =  𝑅𝐼

2

𝑄2 = 𝐼(𝑉 − 𝑂𝐶𝑉)

𝑄3 = 𝐼(𝑉 − 𝑂𝐶𝑉) + 𝐼𝑇
𝑑𝑂𝐶𝑉

𝑑𝑇  

(13) 

where R is the internal resistance of the battery, I and V represent the current and voltage of the 
battery, respectively, OCV represents the open circuit voltage of the battery, 𝑄1 represents the heat 
generation of the battery which is mainly due to the huge current flowing through the internal 
resistance of the battery, 𝑄2 represents the heat generation of the battery due to the over-potentials 
across the RC network, 𝑄3 represents the heat generation of the battery due to both the entropy 
change and Joule's heating.  

The three primary methods of heat transport that occur both inside and outside of batteries are 
heat convection, heat conduction, and heat radiation. In order to investigate the geometrical 
current and heat distribution within Li-ion batteries, Guo et al. [62] created a three-dimensional 
distributed-parameter heat transfer model, which is depicted as follows: 

𝜕⍴𝐶𝑝 𝑇3𝐶
𝜕𝑡

= −𝛻(𝑘3𝐶𝛻𝑇3𝐶) + 𝑄

 

(14) 

It can also be expressed as [51] 
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𝜕⍴𝐶𝑝 𝑇3𝐶
𝜕𝑡

= −
𝜕

𝜕𝑥
(𝑘𝑥

𝜕𝑇3𝐶
𝜕𝑥

) −
𝜕

𝜕𝑦
(𝑘𝑦

𝜕𝑇3𝐶
𝜕𝑦

) −
𝜕

𝜕𝑧
(𝑘𝑧

𝜕𝑇3𝐶
𝜕𝑧

) + 𝑄

 

(15) 

Where the battery density is represented by ⍴, the battery heat capacity is denoted by 𝐶𝑝, 𝑘3𝐶  is the 

coefficient of battery thermal conductivity (along three dimensions: 𝑘𝑥 𝑘𝑦 𝑘𝑧), Q means battery 

heat generation. 

A simplified one-dimensional heat conduction model can be created [63-64] in the following 
manner, assuming that the battery temperature distribution inside each layer plane is uniform and 
that only one dimension of battery heat conduction (e.g., the x dimension) is taken into 
consideration. 

𝜕⍴𝐶𝑝 𝑇1𝐶
𝜕𝑡

= −
𝜕

𝜕𝑥
(𝑘𝑥

𝜕𝑇1𝐶
𝜕𝑥

) + 𝑄

 

(16) 

The temperature distribution inside the battery can be described by the three-dimensional heat 
transfer models, which can be used to identify potential hot spots, particularly in applications 
involving substantial heat generation. A one-dimensional heat transfer model can represent the 
temperature gradient in a single direction. These heat transfer models are primarily used in offline 
simulations because their computational overhead is frequently too high for real-time applications. 

Considering that the primary mechanism of heat transport is conduction, the heat generation is 
dispersed equally inside the battery, and the interior and exterior temperatures of the battery are 
both constant, a well-liked two-stage thermal model for battery cells [65-67] can be developed as 
follows- 

{
𝐶𝑞1𝑑𝑇𝑖𝑛/𝑑𝑇 = 𝑘1(𝑇𝑠ℎ − 𝑇𝑖𝑛) + 𝑄

𝐶𝑞2𝑑𝑇𝑠ℎ/𝑑𝑡 = 𝑘1(𝑇𝑖𝑛 − 𝑇𝑠ℎ) + 𝑘2(𝑇𝑎𝑚𝑏 − 𝑇𝑠ℎ)

 

(17) 

where 𝑇𝑖𝑛 and 𝑇𝑠ℎ  stand for internal temperature and surface temperature of the battery, 
respectively, 𝑇𝑠ℎ means the ambient temperature around the battery, 𝐶𝑞1, and 𝐶𝑞2 stands for the 

thermal capacities of the battery interior and surface, 𝑘1 stands for the heat conduction between 
the battery surface and the interior,  𝑘2 stands for the heat conduction between the ambiance and 
the battery surface. Reduced-order thermal models have been developed for controlling battery 
thermal management, identifying heat generation and transport components. These models are 
based on a computational fluid dynamics (CFD) model, which has lower computation costs and 
similar findings to the CFD model. This approach helps in controlling battery thermal management 
[68-70]. 

2.1.6 State of Charge Estimation 

SOC represents a battery's remaining capacity relative to its overall capacity, with 100% indicating 
a fully charged battery and 0% indicating a discharged one [13]. SOC assessment is crucial for safe 
operation. There are direct estimation techniques and model-based methods, with OCV and Ah 
methods being the primary methods. The Ah method is a general and simple method to calculate 
SOC [71-72], which is illustrated as follows, 

SOC(k)=SOC(𝑘0) + ∫ 𝜂𝐼(𝑡)𝑑𝑡/𝐶𝑛
𝑘

𝑘0

 

(18) 

Where SOC(𝑘0) is the known initial SOC, 𝜂 stands for the efficiency of battery charging or 
discharging, 𝐶𝑛 stands for the battery nominal capacity, 𝐼(𝑡) is the current value, which is positive 
during charging and negative during discharging. The Ah technique is a popular choice for 
monitoring charging and discharging current; however, its accuracy is influenced by mistake 
accumulation and real-time challenges, especially when the battery's charge level is between 10% 
and 90% [71-72]. 
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Fig. 10.Relationship between the battery OCV and SOC 

 

 

Fig. 11. Classification of SOC Estimation Methods. [28] 

AF: Adaptive Filters. ANFIS: Adaptive neuro-fuzzy inference system. ASGSMO: Adaptive switching gain sliding 
observer. BFA: Bacterial foraging algorithm. BPNN: Back propagation neural network. CC: Coulomb Counting. 
EMF: Electromotive force. ENN: Elman Neural Network. EKF: Extended Kalman Filter. FL: Fuzzy Logic. FOSMO: 
Fractional order sliding mode observer. GA: Genetic Algorithm. H∞F: H infinity filter. IR: Internal Resistance IS: 
Impedance spectroscopy. KF: Kalman filter. MARS: Multivariate adaptive regression splines LO: Luenberger-
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based observer. NLO: Nonlinear observer. NN: Neural network. OBE: Observer-based estimation. OCV: Open 
circuit voltage. PF: Particle filter.  PIO: Proportional integral observer. PSO: Particle swarm optimization. RLS: 
Recursive least square filter. RBFNN: Radial basis function neural network. SPKF: Sigma point Kalman filter. 
SVM: Support vector machine. SMO: Sliding mode observer. STSMO: Super twisting sliding mode observer. UKF: 
Unscented Kalman filter. 

 

Fig. 12. Equivalent circuit of the battery 

OCV is a popular strategy for measuring battery rest time, but it's not suitable for EV applications 
due to long resting periods and the varying relationship between SOC and OCV. Real-time OCV 
acquisition can resolve this issue, allowing online SOC estimates using model-based techniques. 
The battery's SOC is estimated using the battery equivalent circuit model and electrochemical 
model in standard state space[73-74]. State observers such as H∞, sliding mode, extended Kalman, 
adaptive Kalman, and Kalman filters are used for online estimation, affecting the accuracy of model-
based techniques. 

3. Methods and Data 

3.1 Hardware-in-the-loop (HIL) Testing of ECU 

 The hardware part of the OPAL-RT system is the HIL platform, which may be used for real-time 
validation of the EV model and control logic. The OPAL-RT system is a simple simulation tool that 
enables deep correlation among electrochemical, thermal, and system-level phenomena. HIL 
testing is performed by omitting all of each ECU's interfaces and components that the HIL system 
simulates [75-77]. Equivalent electrical outputs, such as digital, analog, or variable resistance 
outputs, are always used to represent the sensors that are often attached [76]. The ECU's control 
outputs to actual or substitute loads are typically connected at the outputs, and the appropriate HIL 
system inputs are used to measure the ECU's control outputs [77]. Plausibly simulating sensor 
values at the sensor simulation HIL system's output is enabled by the controlled system's real-time 
competent simulation model. Rest bus simulation refers to the absence of communication on the 
HIL bus, as the HIL bus controller simulates it [66]. By extending these interfaces, the HIL system 
can be used to precisely or repeatedly generate different types of failures as needed [77-78]. 

3.2 HIL Test for Battery Management System (BMS) 

Battery models for testing a BMS must depict the battery as a network of interconnected single 
cells, rather than models for simulating the car's electrical system in the traditional low-voltage 
range [79]. The SOC and cell voltage of a single battery cell are then modelled through a cell 
representation [80]. Leakage currents, dynamic behavior during abrupt load changes, and technical 
variations in behavior during charging and discharging are all considered [81-82]. The integration 
of the BMS HIL system into a vehicle simulation as a whole is the most intricate HIL simulation 
scenario [80]. The electrical ESS in a standard HEV or EV interacts with the gearbox, electric drives, 
and combustion engine, among other drivetrain parts. This study shows how thermal models and 
simple protection/control logic may be combined within a HIL simulation environment to assess 
the thermal monitoring and safety capabilities of BMS. This is a useful testbed for evaluating 
temperature measurement, threshold protection, and system behaviour before implementation in 
actual EV hardware. The "scalable battery model" lacks sufficient detail on critical aspects, 
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including pack-level dynamics, multi-cell imbalances, aging propagation, and adaptability across 
different chemistries, which are essential for effective system-level modelling and simulation. 

3.3 Structure of HIL System with RT-LAB 

In this work, the HIL battery model's accuracy, including voltage and temperature error, is not 
quantitatively compared to experimental reference data, as it is derived from literature to 
demonstrate HIL feasibility. Future work will aim to validate the model's accuracy experimentally. 
The electrical and thermal models in the Hardware-in-the-Loop (HIL) environment are connected 
via bidirectional electro-thermal coupling.  

 

Fig. 13. Structure of HIL System 

 

Fig. 14. Real-time HIL functional schematic 

The electrical battery model calculates internal losses, like Joule heating, which the thermal model 
uses to determine temperature based on these heat sources. This temperature feedback is crucial 
for revising parameters in the electrical model and ensuring electro-thermal consistency. For SOC 
and SOH estimations, temperature influences the OCV-SOC relationship and internal resistance, 
thereby affecting estimation accuracy, though its impact varies by strategy. While sophisticated 
BMS can directly integrate temperature, most HIL simulations use fixed parameters, limiting 
robustness during temperature variations. Overall, the HIL architecture allows for parameter 
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revision based on temperature but does not enable comprehensive temperature-aware SOC/SOH 
estimation, highlighting a limitation of the approach [83-88]. 

The HIL system, as seen in Fig. 13 below, consists of the host PC, a battery emulation, a real-time 
simulator, and the BMS. The host PC serves as an interface between the user and the system, 
running testing and simulation control applications. It provides a platform for creating simulation 
models and managing the simulation process using MATLAB and RT-LAB tools, respectively. We 
can download the simulation model to the real-time simulator and run it using RT-LAB software. A 
multicore CPU and an FPGA card are found in the RT-LAB HIL box, the real-time simulator that is 
capable of sophisticated real-time computation and I/O processing. It uses digital and analog IOs 
and the communication bus to interact with the BMS while computing all the models [89]. 

The real-time simulator manages the battery emulator, which simulates cell voltage, current 
balance, battery temperature, and battery defects. Other components of the BMS are connected to 
the real-time simulator via CAN buses and I/Os, while the monitoring and balancing unit is directly 
connected to the battery emulator. We can test the following BMS function items using this HIL 
system: 

• Cell voltage monitoring 
• Cell balancing  
• State estimating  
• Temperature control  
• Fault handling 
• Communication with VCU 

3.4 Battery Simulation with High Electrical Requirements  

A single battery cell's voltage is primarily determined by its SOC, temperature, and 
charge/discharge current. When the cell is not loaded, the SOC falls, and the cell voltage steadily 
declines.  

3.4.1 Cell Model 

A voltage source simulates the open-circuit voltage (VBat,0), and different impedances model the 
static and dynamic voltage behavior in a cell voltage model. The simplest possible substitution 
circuit for a car battery simulation is shown in the above picture. It comprises one RC element for 
double-layer capacity and charge transfer, and another RC element for the diffusion effect. The 
impedance spectroscopy approach is typically used to parameterize the cell voltage model. The 
values for the components of the replacement circuit are determined from measured spectrograms. 
An optimization algorithm can be used to define an automated procedure for the parameterization 
process. [90]. The multi-cell and pack-level SOH estimation was not covered in this study, as it 
focuses only on cell/module-level review and HIL validation/module level and platform feasibility. 
Detailed pack-level SOH modelling and scalability analysis require extensive multi-cell data, 
integrated thermal and aging models, and complex embedded system implementation, which are 
beyond the scope of this work. 

 

Fig. 15. Battery cell model 
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3.4.2 Cell Network 

It is theoretically possible to create a series network of cells by joining several examples of the 
previously mentioned cell model. Thus, for the HIL simulation of a series cell topology, a novel 
strategy was adopted. Based on the assumption that a battery is composed of identical cells that 
consistently exhibit similar static and dynamic characteristics, the battery model is split into two 
sections: a reference section and a delta section.  

 

Fig. 16. Topology of the ASM multi-cell model 

The delta model uses a linearized method to compute the difference between each single-cell 
voltage and the reference voltage. For every cell in the delta model, the capacity, starting SOC, and 
deviation of the internal impedances from the reference value can be provided. The new modelling 
strategy saves computing time on a real-time system by a factor of 12, while saving a significant 
amount of time in offline simulation on a PC. Fig. 17 illustrates the simulation of cell discharge using 
the multi-cell method compared to a model with individual cells. The cell voltage response, which 
is essential to the BMS's capability to balance cells, demonstrates minimal differences, particularly 
in the 40% to 80% SOC range. 

 

Fig. 17. Comparison of single and delta cell models 

The currents in each circuit must be calculated for a parallel connection, and these currents are 
based on the battery's terminal voltage. For this computation, the Thevenin technique is used in 
the model. [91] An energy balance is used in the temperature model to determine the battery 
temperature.  

3.4.3 Battery Model Integration 

For instance, the BMS HIL system's DS1006 processor (dSpace) board can calculate the battery 
model in real-time when combined with models of electric drives and combustion engines, such as 
the ASM Engine. This enables the BMS to be tested in common hybrid drivetrain conditions. The 
drivetrain model can be tied to vehicle dynamics and environment simulation, such as ASM Traffic, 
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to verify GPS and map-based control methods for the drivetrain. In the test system, these model 
configurations can be calculated in real-time. While accurate emulators and sensors are employed, 
the current work considers the electrical, thermal, aging, and control subsystems primarily 
independently and does not yet correlate and validate the closed-loop interactions among them; 
however, multi-physics correlation and pack-level closed-loop validation are specifically planned 
as part of the future work scope.  

3.4.5 System Setup 

Several interconnected cell-simulation models are required to replicate the behavior of an 
advanced electric vehicle battery. Battery emulators are the heart and soul of BMS HIL. It consists 
of the modules listed below, as shown in Figure 18. They are mentioned below- 

• Communication module;  
• FIU module; Cell voltage module; 
• Battery temperature module;  
• Balancing the current module; 

A battery pack with up to 200 cells can be simulated by connecting multiple emulators in series. 
The battery emulator is specifically made to mimic battery cells and has 24 series-connected 
voltage output channels. The emulator also includes fault injection units and channels that simulate 
temperature. The real-time simulator, as depicted in Fig. 19, uses the CAN bus to control the battery 
emulator. It receives readback voltage and current data from the battery emulator, which also 
receives set points for cell temperatures, voltages, and FIU states. 

 

Fig. 18. Battery Emulator Structure [92] 
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Fig. 19 Structure of the battery emulator [93-94] 

3.6 Implementation 

System engineering defines NFRs as specific criteria used to analyze a system's functioning, 
whereas FRs are defined as specific behaviors of a system's functions. Broadly speaking, NFRs 
specify how a specific system should function and behave, while FRs specify what a certain system 
should accomplish. ISO 26262 provides further information regarding functional safety 
requirements. Before doing HIL testing on any ECUs, it is necessary to have classified test cases. 
Based on these, we will execute the test and conclude. 

 

Fig. 20. Real-time Simulator OP5600 [95] 
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Fig. 21. HIL system hardware connection [95] 

The diagram in Figure 21 displays the hardware connection for the HIL setup. Through Ethernet, 
bidirectional communication is established between the host PC and the real-time simulator. The 
real-time simulator utilizes the CAN bus to interface with the battery emulator and the I/Os, as well 
as the CAN bus, to communicate with the BMS central ECU. The battery emulator is directly 
connected to the local ECU or BMM. The BMS under test (DUT) comprises multiple BMMs and a 
central ECU. BMMs are modularized components that track temperature, current, and battery cell 
voltage. The BMMs are managed by the central ECU via the real-time CAN bus. Furthermore, the 
CECU manages temperature, fault handling, charge/discharge control, and communication with the 
VCU in addition to completing SOC estimates. 

The operating conditions are specified before testing begins, such as the charging or city driving 
processes that generate various charging sources or battery-draining loads. The IO, CAN, and 
battery emulator outputs are updated in real-time, based on the operational state. The BMS 
examines every state and adapts to any modifications. The real-time simulator receives the BMS's 
data and readback. After that, they are regularly updated and contrasted with the actual values. To 
wrap up the test cases, the test results are achieved after completing the necessary iterations. Multi-
cell and pack-level SOH estimation was not covered, as the current study is only a review and HIL 
validation, with its scope primarily on cell/module-level ideas and platform feasibility. 
Comprehensive pack-level SOH modeling, estimation, and scalability studies are extensive and 
require large multi-cell data, integrated thermal and aging models, and large-scale embedded 
system implementation, which are outside the current study's scope. These are proposed for future 
work, including pack-level SOH fusion, weak-cell identification, imbalance-aware aging modeling, 
and scalable, real-time implementation for EV-grade BMS. 

Table 2. Test cases suggested for testing a BMS for its Functional Requirements (FRs) and Non-
Functional Requirements (NFRs) [92-103] 

No Test Case Description End-of-test Criteria 

1 Idle or stand-by 

System settings are controlled. The fault criteria are 
defined in the BMS. The next functions are examined 

in steady-state: data management, monitoring, hazard 
detection, and hazard response. 

All functions tested 
in steady state 
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Fig. 22. Working process of BMS testing 

2 
Temperature, 
Current, and 

Voltage sensing 

All sensors are calibrated, if possible. Then, full-range 
accuracy tests are performed while keeping the BMS 

under various conditions, e.g., in a temperature 
chamber. 

All conditions 
tested 

3 
Dynamic 
discharge 

By employing a real dynamic discharge profile of an 
EV, the pack is discharged to room temperature. 

BMS stops the 
discharge to avoid 

over-discharge 

4 
Over-

temperature 
during discharge 

Applying a real dynamic discharge profile of an EV, 
the pack is discharged at high temperature. 

The pack reaches 
maximum 

temperature, and 
the BMS stops the 

discharge. 

5 

Overvoltage 
during 

regenerative 
braking 

Employing a real dynamic discharge profile of an EV, 
the pack is completely discharged when a very high 

regenerative current is encountered. 

The BMS interrupts 
the regenerative 
charging current. 

6 Short Circuit 

Shorts at different places in the pack. Case I: internal 
or external short close to cell tabs. Case II: external 

short through fuses or shunt resistor, Case III: 
External short through fuse and switch box (relays or 

fuses) 

The short circuit 
current is zero. 

7 CCCV Charge 
Conventional CCCV charge with active/passive 

balancing. 
End of charge 

8 
Charge test at 

low 
temperatures 

The charge is allowed, but the pack temperature is 
below the charging limit. Temperature rises gradually 

due to the heating system. 

Pack temperatures 
over the threshold, 
and charging starts 

9 Diagnosis 

Case I: Simulated SOC vs. BMS-approximated SOC 
throughout a real dynamic discharge profile from an 

EV. Case n: New cases based on the BMS diagnosis 
features. 

End of charge and 
discharge 

10 
Isolation 
Monitor 

Single isolation failure on the positive/negative 
terminal of a floating voltage pack 

Isolation fault 
detected 

11 
Global power 
consumption 

Case I: Full discharge, taking into account a dynamic 
discharge profile from an EV, and subsequent CCCV 

charge, 
Case II: Stand-by test for a period of time. 

BMS power 
consumption is 

measured under all 
conditions 
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4. Results and Discussion 

This section displays the experimental findings of the BMS's communication with the system-level 
HIL-simulated battery. Regarding test case 2 (Table I), Figure 23 provides details about the 
calibration of the pack current sensor. Calibrating the sensor is one of the first steps in evaluating 
the accuracy of a BMS product. However, for two arbitrary sensing lines in the BMS, the figure 
shows exemplary data on the accuracy of cell voltage sensors at various temperatures and voltage 
levels. 

  

Fig. 23. Test case 2 revealing cell voltage sensing accuracy, (a) Cell voltage measurement 
accuracy at various temperatures and  (b) a) Cell voltage measurement accuracy at various 

voltages [95] 

Figure 24 illustrates the plotted results of an overvoltage that occurred during regenerative 
braking, corresponding to test case 5 (Table I). A robust regeneration current at high SOC levels 
may cause an overvoltage in specific battery cells. To stop the excessive inrush current, the BMS 
recognizes the hazard and opens the switch box's relays. It is possible to design the BMS to close 
the relays and resume discharge mode operation after a predetermined amount of time. 

 
(a) 

 
(b) 
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(c) 

Fig. 24. Test case 5: Overvoltage during regenerative braking (a) Pack voltage and pack current 
in time (b) Switch box contactor logic and  (c) Cell voltages in time and max. voltage threshold 

[95] 

Test case 4 (Table I), which involves over-temperature during discharge, is illustrated in Fig. 25. 
For this test, predetermined high starting temperatures and constrained cooling capacities are 
utilized. As a result, during discharge, the cells in the pack overheat. Once more, the BMS recognizes 
the danger and stops the discharge by opening the relays in the switch box. The BMS can be set to 
shut the relays and resume operating in discharge mode after a predetermined amount of time 
once the issue has been resolved. 

 
(a) 

 
(b) 
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(c) 

Fig. 25. Test case 4: over temperature during discharge (a) Pack voltage and pack current in time (b) 
Switch box contactor logic and (c) Experimental vs BMS measured cell temperature [95] 

 
Fig. 26. Output accuracy of battery emulator [80] 

 
Fig. 27. Voltage monitoring error of BMS [80] 
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The figure presents the system behavior during operation in three subplots. Figure (a) shows the 
system voltage and current over time, where the voltage remains relatively stable while the current 
exhibits fluctuations and negative peaks due to load variations. Figure (b) illustrates the switching 
states of the pre-charge, main positive, and main negative contactors, indicating their on/off 
operation during the process. Figure (c) shows the cell temperature evolution, where both the 
highest and lowest cell temperatures gradually increase from about 40 °C to around 60 °C, 
demonstrating the thermal response of the battery pack during operation. 

Figure 26 shows the voltage error response of six voltage channels (vol₁–vol₆) compared with a 
reference setpoint over 0–70 s. The setpoint follows a repeating ramp pattern, and all channels 
closely track it with minimal deviation. The inset (19.20–19.24 s) highlights millivolt-level tracking 
accuracy, indicating stable and high-performance voltage control or estimation. The output of the 
battery emulator is compared with the set point in Fig. 26. As shown, the outputs of all six channels 
provide very accurate results, with errors of less than ±2 mV. This indicates that the battery 
emulator's readback and output are reliable and represent the actual value.  

Figure 27 shows the voltage error variation of six signals (Err₁–Err₆) over 0–5000 s. Most errors 
remain within −10 mV to +10 mV, indicating stable and accurate voltage estimation. Occasional 
peaks around 2500–3200 s appear due to transient disturbances. The voltage-monitoring error of 
the BMMs (LECU) under test is shown in Fig. 27, along with a comparison to the battery emulator's 
readback value, which remains approximately 10 mV. 

5. Conclusions 

The work focuses on foundational modelling and framework development for estimating SOC, SOH, 
and SOP, rather than introducing new estimation algorithms. Key contributions include the 
establishment of accurate battery behavior models essential for any estimation approach, and a 
validated simulation framework for performance evaluation under realistic conditions. It also 
identifies practical limitations and sensitivities of SOC/SOH/SOP indicators to measurement noise 
and operating conditions, informing future estimator designs. Furthermore, it specifies the 
necessary inputs and metrics for applying advanced methods, such as EKF/UKF and neural 
networks, in future development, thereby creating a reliable baseline for subsequent SOC, SOH, and 
SOP estimation algorithms. It summarizes and discusses current approaches and their validation 
in a real-time HIL environment using OPAL-RT/RT-LAB, rather than creating new algorithms for 
SOC/SOH estimation, thermal management, or AI-based diagnosis. The manuscript offers an 
implementation-focused perspective on BMS, linking recent algorithms and architectures to HIL 
validation. It highlights new insights into testability, real-time capability, and prototyping 
feasibility, addressing the gap between simulation-based research and practical EV BMS 
development not previously emphasized in reviews from 2019 to 2024. This study contrasts 
several important BMS technology features with the benefits of Li-ion batteries and other ESS. Its 
long life, high energy and power density, and nominal voltage make the Li-ion battery a highly 
recommended choice for electric vehicle applications. However, lowering capital costs remains a 
significant obstacle. This review also thoroughly categorized the best charging topologies, thermal 
management, and SOH and SOC estimations for Li-ion batteries. As they become available in the 
literature, several algorithms and technologies have been presented. Upcoming difficulties have 
also been highlighted. Consequently, to address these challenging problems, it is necessary to 
establish confidence intervals for the methods and algorithms under consideration. Afterward, RT-
LAB is used to verify the BMS by interfacing with the HIL system. The HIL setup can model up to N 
cells/modules in real time on the target hardware, adhering to a simulation time step of Δt = 1 ms. 
Beyond this limit, real-time constraints are not satisfied. The minimum stable real-time step for the 
model is Δt_min = 0.5 ms. 

A general discussion of testing definitions and aims was presented, emphasizing the fact that there 
is a wide range of opinions. Various test cases have been suggested to verify the dependability of 
the system. Since it is not always possible to verify every scenario that theoretical techniques 
provide, some essential elements of the system are often preferred as theoretical frameworks. On 
a commercial HIL simulator, an effective approach to generating SW and testing techniques for BMS 
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at the system level was demonstrated. Extensive experimental data were collected after 
comprehensive test cases were suggested. Different scenarios were shown to illustrate the 
interactions between the real-time simulator and BMS. The conclusion lacks explicit identification 
of technical limitations, applicability scope, or future research directions for a comprehensive BMS 
framework, which are anticipated to be addressed in future work. The conclusion lacks explicit 
identification of technical limitations, applicability scope, or future research directions for a 
comprehensive BMS framework, which are anticipated to be addressed in future work. The 
research does not include a validation or benchmarking framework, focusing instead on reviewing 
existing methodologies and showcasing the feasibility of HIL simulation. It lacks systematic 
performance comparisons under EV drive cycles, benchmarking against reference models, 
validation with experimental baselines, and evaluation using recognized performance metrics.  

5.1 Limitations of the Method 

The manuscript offers an overview of BMS research and HIL platform significance for validation 
but inadequately discusses practical implementation methods for real-time embedded systems. It 
fails to address essential aspects like microcontroller computational complexity, real-time 
capabilities of SOC/SOH estimation algorithms, stability under varying EV loads, and sensor noise 
considerations. Key elements such as sampling rate, memory and power usage, task scheduling, 
communication delays, and robustness to hardware issues are also overlooked, raising concerns 
about the transition from simulation to real-time applications in vehicles and the technology's 
readiness. 

• Model Accuracy: The real-time battery model may not capture all complex electrochemical 
phenomena and non-linear behaviors, particularly under extreme operating conditions or 
advanced aging scenarios. 

• Hardware Constraints: Opal-RT platform computational limitations may restrict model 
complexity and resolution, while processing delays could introduce timing inaccuracies not 
present in actual battery systems. 

• Limited Validation Scope: Testing appears focused on standard operating conditions, 
potentially excluding extreme scenarios like thermal runaway, and may not encompass the 
full range of Li-ion chemistries or environmental conditions. 

• Scalability Uncertainty: While described as scalable, real-time performance with large EV 
battery packs (hundreds of cells) remains unclear, with computational requirements 
potentially increasing exponentially. 

• BMS Function Coverage: The study may not address all advanced BMS functions, such as 
predictive maintenance, adaptive algorithms, or cybersecurity features, limiting 
comprehensive system validation. 

• Experimental Data Limitations: Model characterization may be restricted to specific battery 
types and conditions, with measurement uncertainties potentially affecting validation 
accuracy. 

• Industry Application Gap: Results may not translate directly to all commercial BMS platforms 
due to hardware/software differences, and cost-benefit analysis versus traditional testing is 
not addressed. 

• Technology Evolution: Rapid battery technology advancement may quickly outdate models, 
while emerging technologies like solid-state batteries may require entirely different 
approaches. 

• Benchmarking Deficiency: Limited comparison with other HIL platforms or real-world 
testing results makes it difficult to quantify simulation accuracy and effectiveness. 

• Long-term Validation: Insufficient long-term degradation data may affect the accuracy of 
state-of-health and remaining useful life estimations critical for BMS performance. 

• Advanced Technology: AI can be implemented to increase the efficiency of the BMS 
• Maintenance: Improper maintenance of the BMS may degrade the efficiency of the usage 
• Space Requirement: The requirement for space can be optimized to increase its efficiency 
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5.2 Future Prospectives  

Some prospects of Li-ion battery technologies are mentioned below. 

• There should be some efficiency improvements, Depth of Discharge (DOD), and energy 
density of Li-ion batteries. The main concern is the increase in capital cost. 

• The RC-structured ECM estimation could be more precise using some complex mathematical 
models. 

• Most of the research of the recent era has been conducted in a lab environment. But the actual 
scenario could differ if we run the tests under different environmental conditions, such as 
snowy, humid, hot, or cold. 

• Errors in SOC or SOH estimations could be lessened with further research. 
• The different algorithms used in battery models could be more optimized. 
• Most of the time, current sensors are corrupted by measurement noise. 
• Real-time SOH estimation is a big problem. 

The current study lacks integration of advanced methods and does not evaluate their feasibility for 
embedded systems. It fails to address critical questions regarding data requirements, 
training/validation processes, generalization for various cells and temperatures, computational 
and memory demands on ECUs, real-time inference delays, interpretability, and safety certification. 
Consequently, the manuscript primarily serves as a survey or HIL demonstration, not 
demonstrating how AI or hybrid BMS approaches can be embedded and validated for electric 
vehicle-grade implementation. 

While the proposed HIL development methodology can be applied to commercial BMS hardware, 
its suitability for production-grade automotive systems remains unproven. It lacks explicit 
consideration of automotive communication protocols and various safety and validation standards, 
including ISO 26262, ASPICE, ISO 12405, and SAE J2464. Consequently, the framework is perceived 
as more research-oriented than validated for production use. 

6. Appendix  

V-Model Development of BMS: A Case Study 
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BMS Generic HIL Test Cases 
 

Sl. 
No. 

Test Case Description of Test Criteria for Test Completion 

1 Wake Up 
Wake-up signal is sent to BMS, and receives 

confirmation from BMS to HIL 
If firmly get a Rx signal from BMS 

2 Check Sum 
Every Signal should come from the BMS to the host 

PC via HIL communication buses. 
Every signal code should be floated. 

3 Idle or Standby  
Making the system ready to use, but not connecting 

any load. The fault criteria are set in the BMS. 
Readiness time was within the time 
limit, and no faults were detected. 

4 
Isolation 

Monitoring  

Isolation resistance between the chassis and the 
battery pack should be within the limit. An external 

sliding resistor could be connected to create a 
manual situation. 

If any leakage happens, BMS should 
send signals to VCU and take proper 
action according to ISO26262 (ASIL-

C) 

5 
Battery CAN_H 

& CAN_L 
signals 

CAN High and CAN Low should come from all 
BMMs to the BMS 

Rx and Tx are coming properly. 

6 
V CAN_H &   

V CAN_L 
Vehicle CAN communication between VCU and 

BMS 
Rx and Tx are coming properly. 

7 Cell Balancing  
Active and passive balancing should be correct, and 

the time taken for balancing should match the 
predefined value. 

Balancing is happening correctly. 

8 Pre-charge 

To charge the battery, the OCV of the battery 
should be equal to the charger's output voltage to 

avoid sparks and hazards. To achieve this, a 
capacitor, a resistor, and a relay-based circuit are 

employed. Testing the recharge operation.  

Pre-charge circuitry is functioning 
properly, ensuring the safe 

operation of the relay. 

9 HVIL Check 

Due to an interruption in the current flow through 
the High Voltage Interlocking Loop, the vehicle 

should stop. Moreover, BMS should disconnect the 
battery from the vehicle system. (ASIL C) 

Manually created a faulty situation 
with the help of an NC switch, and 

the BMS stops operation. 

10 
Temperature 

Sensing 
A 12V temperature signal in all the BMMs from the 

temperature sensors, thus in the BMS via CAN 
If Rx signals are coming into the 

BMS 

Sl. 
No. 

Test Case Description of Test Criteria for Test Completion 

11 
Temperature 

Cut Off 

Based on temperature rises and dips, the BMS 
should take action by sending a proper signal to the 

Coolant tank. If the maximum temperature is 
reached, the BMS should disconnect the battery. 

Proper coolant rate as predefined 
calculated rate and stop battery in 

overtemperature 

12 
Current 
Sensing 

Current-sensing signals from all current sensors to 
the BMS. 

Getting an accurate sensing signal. 

13 Current Cut Off 

Required charging and discharging currents should 
be measured. Beyond the specified limits for 

minimum and maximum currents, the BMS should 
take appropriate action. 

If the maximum current is reached, 
it should stop draining the battery. 

14 
Voltage 
Sensing 

Voltage-sensing signals from each cell should come 
to the BMS via the BMMs from the voltage sensors. 

Getting all signal codes in the HIL 
host PC. 

15 Voltage Cut Off 
Overvoltage and undervoltage situations should be 
addressed by the BMS through appropriate action. 

Successfully enabling the cut-off 
circuitry operation. 

16 SOC Estimation 
Are the estimated SOC and emulated SOC the same 

or not 
If they are equal 

17 CCCV Charge 
Conventional CCCV charging happens with 

successful active/passive balancing. 
End of the charge 

18 
Under and 

Overcharge  

SOC levels typically range from 20% to 80%. The 
SOC limits for both cases should be within the same 

range. 

Successfully enabled the protection 
circuitry and disengaged the battery 

for both cases. 

19 Coolant Flow 
Calibrated temperature rise Vs. Coolant flow rate 
should be maintained. Checking predefined flow 

rate Vs. temperature curve. 

The curve is true for every 
operating point. 

20 
Handshaking 

with a charger 

Before charging starts, proper handshaking should 
occur between the BMS and the CCU (Charger 
Control Unit) over a dedicated CAN channel. 

Handshake successful and reached 
the ready-to-charge state. 
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