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Abstract: Energy shortage and environmental pollution issues can be reduced considerably with 

the development and usage of electric vehicles (EVs). However, electric vehicle performance and 

battery lifespan depend on a suitable battery arrangement to meet the various battery performance 

demands. The safety, reliability, and efficiency of EVs largely depends on the constant monitoring 

of the batteries and management of battery packs. This work comprehensively reviews different 

aspects of battery management systems (BMS), i.e., architecture, functions, requirements, topolo-

gies, fundamentals of battery modeling, different battery models, issues/challenges, recommenda-

tions, and active and passive cell balancing approaches, etc., as compared to the existing works 

which normally discuss one or two aspects only. The work describes BMS functions, battery models 

and their comparisons in detail for an efficient operation of the battery pack. Similarly, the work 

presents a comprehensive overview of issues and challenges faced by BMS and also provides rec-

ommendations to address these challenges. Cell balancing is very important for the battery perfor-

mance and in this work various cell balancing methodologies and their comparisons are also pre-

sented in detail. Modeling of a cell balancer is presented and a comparative study is also carried out 

for active and passive cell balance technique in MATLAB/Simulink with an eight cell battery pack-

cell balancing approach. The result shows that the active cell balancing technique is more advanta-

geous than passive balancing for electrical vehicles using lithium-ion batteries. 

Keywords: EVs; battery management system; battery modeling; topologies; issues and  

recommendations; active/passive balancing techniques 

 

1. Introduction 

In the advanced automobile era, an enormous move towards drive train modification 

is just around the corner. The development involves a complete shift from internal com-

bustion engines (ICEs) to an electric drive train vehicles. The correlation that can be made 

to relate ICE drive trains to EV drive trains is that the gas tank is changed for a battery, an 

engine regulator replaces the fuel conveyance framework, and the propulsion center pres-

ently becomes an electric engine. This move is because of great headways in battery inno-

vation, powerful hardware, and engine layout, which at last, society will comprehend. 

Another advantage of electric drivetrains over ICEs is that there is no requirement for a 

multi-speed transmission, meaning a more effective and extensive framework. The elec-

tric drive trains are gradually becoming less expensive, more rigid, and more minimal, 

with zero emission of harmful gases, while improving the vehicles’ range [1,2]. 

A portable source of electrical energy is required for EVs in order to fulfill the energy 

requirements and guarantee a reasonable autonomy. A battery is the force hotspot for the 
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EV. Based on their charging ability, batteries can be divided into primary and secondary 

types. The primary type can be used only one time; however, the secondary type can be 

reused again by charging after being discharged. For the applications of EVs the second-

ary type with high energy density, long cycle life, smaller, light weight, small energy loss, 

and good safety level battery is required. Most commonly used batteries in EVs are lith-

ium-ion (LIBs) lead acid, nickel-cadmium and nickel metal hydride, etc. Among these, 

LIBs are smaller in weight, highest energy, force densities, longer life cycle, better envi-

ronmental performance, and high rate of charging and discharging as compared to other 

batteries. As battery is a critical part of the EVs, and its adequacy will essentially influence 

the vehicle’s security, financial matters, and dynamic execution, etc. Although LIBs are 

used in many handy electronic devices, however, it is still very challenging to use for EV 

applications due to the high power system requirements. Also, EV battery packs contain 

hundreds of times more cells than portable electronics. Therefore, in order to improve 

EV’s economy and safety, comprehension of the battery status from various battery con-

ditions, for example, state of charge (SOC), temperature, current rate, charging, and re-

leasing condition is significant. If the battery life is long, then the EV will be driven for 

longer time, i.e., it has higher efficiency [3,4]. 

Different properties of the batteries should be checked and controlled to maximizethe 

battery cells’ life and minimize expenses. Therefore, a battery management system (BMS) 

is essential for the management of LIBs to ensure the safe, durable, and reliable operation 

of EVs [1]. The complexity of a BMS depends on the application. In EVs, the BMS has to 

perform many complicated tasks as compared to other applications. Therefore, the lack of 

a suitable technical platform for the BMS still impeding the future development of EVs. 

The BMS must be able to cope with the complex nature of power batteries, such as high 

capacity, high power, wide temperature variation, and harsh driving conditions. Once 

mismanaged, the power battery may face extreme conditions, such as over-charge, over-

discharge and over-heating, which may further induce fires or even explosions in serious 

more instances. Such stories are often reported all around the world. Therefore, advancing 

BMS to realize crucial tasks of safety management, high-efficient operation and reliable 

maintenance, is a huge challenge of the future EVs [5,6]. 

A literature survey shows that many papers have been written illustrating different 

aspects of BMS. However, the existing work normally discusses only one or two aspects 

of a BMS instead of providing a comprehensive analysis. Asan example, a few papers 

discuss only cell balancing approaches [7–9], a few papers discuss only BMS functionali-

ties [10–12] a few papers discuss only issues and challenges and BMS topologies [13–15],a 

few papers discuss only different battery models of BMS [4,16,17], a few papers discuss 

other aspects of BMS [18–20], etc. However, this paper comprehensively discusses all as-

pects of BMS, i.e., functions/features, requirements, BMS topologies, fundamental of bat-

tery modeling, different battery models, issues/challenges, recommendations, cell balanc-

ing approaches, etc. Also, different parameters for battery modeling and modeling of a 

cell balancer are presented. Moreover, active and passive cell balancing techniques have 

also been simulated for an eight cell battery pack using MATLAB/Simulink. 

The rest of the paper is structured as follows: Section 2 defines battery management 

systems. Section 3 presents the BMS functionalities and requirements. Section 4 presents 

BMS topologies. Section 5 presents the fundamentals of battery modeling and different 

battery models. Section 6 presents some issues and challenges. Section 7 presents recom-

mendations. Section 8 presents a comparison among commercially available BMS. Sec-

tion9 presents active and passive cell balancing approaches. Section 10 presents battery 

modeling and our simulation for an eight cell battery pack for active and passive balanc-

ing. Section 11 presents the conclusions. 

2. Batter Management System (BMS) 

There are several cells in a battery bank connected in series or parallel, but every cell 

has its own characteristics that should be checked and controlled to upgrade the battery 
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cells’ life and minimize expenses. Alongside the battery cells themselves, certain limits 

must be continued to get the most life from the cells. These limits include, for example, 

temperature limits, charging/discharging rate limits, release current cut-off points, and 

most extreme/least cell voltage limits. These requirements are observed, constrained, 

maintained, and administered by a framework that must be incorporated into a total bat-

tery pack. This framework is known as the battery management system (BMS) and is 

viewed as the battery pack’s mind. A compelling BMS will shield the battery from physi-

cal damage, estimate the battery life, manage the battery’s charging and discharging pro-

cesses and the number of life cycles of the battery. The BMS’s fundamental duties are to 

screen the cell temperature, perform thermal management, arrange cell voltages, module 

or pack current, gauge SOC and SOH, and perform cell adjustments in order to avoid the 

speedy degradation of the battery. Thus, a vigorous BMS should provide better battery 

control, guarantee safe battery activity, and provide the most extreme required force and 

extend the battery life. A BMS must also communicate with other onboard systems, such 

as the engine controller, the temperature controller, the common bus bar, the monitoring 

system, and the car computer to maintain and perform different functions [4,21]. Figure 1 

shows a general diagram of the battery management system [22]. 

 

Figure 1. A general diagram of a BMS [22]. 

BMS Architecture/Framework 

Figure 2 [18] shows the hardware and software framework of a BMS. The BMS archi-

tecture can be split into hardware and software parts. The hardware components are em-

bedded into the electric vehicle equipment to acquire different parameters of the batteries, 

i.e., voltage, current and temperature, etc. Simultaneous acquisition of the data should be 

done with a high sampling rate in order to improve the accuracy and to attain the desired 

monitoring capability without any error propagation. The software part is responsible of 

actively monitoring variables, managing alerts/protection, performing internal/external 

communication, performing different types of estimations (SOH, SOC, etc.) and balancing 

the battery cells, etc. [18]. The next section presents the BMS functions and requirements. 
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Figure 2. Basic framework (software & hardware) of a BMS. Adapted from [18]. 

3. BMS Functions and Requirements 

Designing BMS is a complex task to fulfill application’s specific requirements, system 

context, and manage battery cells. Figure 3 shows BMS functionalities for an efficient man-

agement performance, [18]. 

 

Figure 3. BMS functionalities [18]. 

The next section presents details about the individual BMS functions. 

3.1. BMS Features/Functions 

BMS should be able to perform these features for an efficient system operation. 

3.1.1. State of Charge Estimation (SOC) 

SOC describes a battery’s remaining capability as a proportion to the total capacity 

under the same conditions. It can be considered equivalent to the fuel gauge in combus-

tion engine vehicles. SOC estimation is very important to monitor and optimize the per-

formance of the batteries by controlling their charging and discharging. Accurate SOC 

estimation can tell that how long an EV can drive before charging [3,4]. Generally, the 

useable capacity ranges from 100% to 5% SOC and the time taken to discharge a battery 

from 100 to 5% is defined as the runtime of the battery. The non-linear and non-stationary 

characteristics of the battery degrade its capacity over time and the BMS function is to 

keep the battery above a certain SOC by preventing it from discharging. The SOC cannot 
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be estimated directly. If Ib (τ) is the charging current, then the charge delivered to the 

battery can be defined as∫ ��(τ)
�

��
�τ. Then, SOC is given by the expression [20]: 

 ���(�) =
∫ ��(�)

�

��
��

��
. 100% (1)

where the capacity of the battery is defined as Q0 at time t [11,18,19,23]. It is very challeng-

ing to accurately estimate SOC by current methodologies. Generally, direct estimation 

(Coulomb counting, open circuit voltage (OCV)-based, etc.), model-based (equivalent cir-

cuit and electrochemical, etc.) and data driven-based approaches have all been used to 

calculate OCV for the online estimation of SOC. The precision of these models depends 

on the parameter tuning, training, state observers, and various practical conditions. How-

ever, all of these approaches have many limitations as described in [12,24]. Similarly, 

measuring SOC for a battery cell and for a battery pack is different and Table 1 presents 

this comparison for different methods [19]. 

Table 1. Comparison of SOC estimation methods for battery cells and battery pack [19]. 

Features  
Battery Cell Methods Battery Pack Methods 

Highest Lowest Highest Lowest 

Precision 
Auto-Regressive 

GPRM 

Looking Up Table 

approach 

Bias Correction ap-

proach 
Big cell Method 

Cost 
Electromechanical 

Impedance Model 

Looking Up Table 

approach 

One by One ap-

proach 
Big cell Method 

Computation 

Time 

Electromechanical 

Model 

Looking Up Table 

approach 

Bias Correction ap-

proach 
Big cell Method 

Complexity 
Looking Up Table 

approach 

Electromechanical 

Impedance Model 
Big cell approach 

Bias Correction 

Method 

Applicability 
Auto-Regressive 

GPRM 

Electromechanical 

Impedance Model 

Bias Correction ap-

proach 
Big cell Method 

3.1.2. State of Health (SOH) 

SOH provides the health condition of the batteries, i.e., their degree of degradation. 

SOH is a function of the depth-of-charge. SOH estimation is complex and cannot be de-

fined plainly like SOC. It basically represents that how many cycles are left before the 

battery will reach its end of life and can be represented as: 

��� =
������� ��������

������� ��������
. 100 (2)

The SOH has also been defined in terms of parameters as 

���(�) = ���(��) + � �����(�, �, ���, ��ℎ���)
�

����

�τ (3)

where SOH (t0) is the initial battery health condition, δfunc is a function which depends on 

voltage, current, heat, SOC, mechanical vibrations and over-potential, etc. [11,18,19,23]. 

Pattipati [25] also combined capacity and power fade to represent the battery health 

condition. Capacity fade is the reduction in driving range and power fade is the reduction 

in acceleration capacity with respect to a fully charged battery. The deterioration of active 

material, increase in internal resistance and unalterable reactions generally affect battery 

health. SOH estimation is also a precondition for estimating the battery’s remaining useful 

life (RUL). BMS must be able to accurately assess the SOH of a battery for a safe and reli-

able operation. Generally, the SOH estimation is done by model-free, model-based, and 

data mining approaches [3,4]. Table 2 presents a comparison of different approaches for 

SOH assessment [12]. 
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Table 2. Comparison of different approaches for SOH assessment [12]. 

Method/Models Adaption Accuracy Real Time Usage 
Usage without 

Data 

Electromechanical Outstanding Outstanding Better Better 

Equivalent circuit Not good Better Good Good 

Semi-empirical Not good Outstanding Better Poor 

Analytical Unsatisfactory Satisfied Unsatisfactory Unsatisfactory 

Statistical Better Good Good Not good 

3.1.3. State of Life (SOL) or Remaining Useful Life (RUL) 

SOL defines the remaining useful life, i.e., the remaining number of load cycles, etc., 

in which the battery can perform different functions accurately before reaching it send-of-

life (EoL). Failures can be prevented and maintenances of the battery pack performed 

more accurately if the SOL prediction is accurate, especially for military applications. RUL 

prediction also enables BMS to reduce costs, increase accuracy, reliability, and avoid any 

kind of failure, etc. RUL is defined as: 

RUL = Tf−Tc (4)

Here Tf is a random failure of time and Tc represents current time. Pattipati also pre-

dicted RUL in terms of capacity fade C(i) and power fade P(i) as: 

���(�) = {ℎ(�(�), �(�)} (5)

where � = 1 ���. Different uncertainties, i.e., environmental conditions, modeling errors, 

etc., must be taken into account while predicting RUL [11,18,26]. 

3.1.4. State of Power (SOP) 

State of power is another important parameter which should be monitored by the 

BMS. Every cell has different internal resistance which changes with time/usage, temper-

ature, chemical properties and other environmental conditions as well. All of these pa-

rameters affect the power value of a cell. The SOP can be described by the following equa-

tion [27]: 

��� =
����� (�������)

����� (�������)
 (6)

3.1.5. State of Safety (SOS) 

A BMS has to monitor/perform regularly for the safety of the overall system. It is very 

challenging to maintain a good state of safety as there is always a change in current, tem-

perature, over/under voltage, over hearting, environmental conditions, etc. Therefore, a 

BMS should be able to perform efficiently to avoid any kind of failure in the system [28]. 

3.1.6. Depth of Discharge (DOD) 

DOD defines the percentage of the battery capability which has been discharged with 

respect to the maximum capability. A discharge up to 80% is generally referred as a deep 

discharge. The life cycle of the battery gets shorter when the DOD is higher. For example, 

lead-acid batteries show less lifetime if the DOD is more than 50%. Therefore, the DOD 

should be monitored and maintained by BMS to avoid any unexpected situations. In order 

to achieve a longer life cycle, a larger battery with a lower DOD can be used during normal 

operations. The SOC is an alternative form of the same DOD measurement, and therefore, 

battery DOD can be defined as [12,28]: 

 ���(�) = 1 − ���(�) =
���∫ ��(�)

�
�

��

��
. 100%. (7)
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The design of a BMS should make sure that that maximum energy content and de-

livery of full power can be achieved even with deep discharge for maximum usage. 

3.1.7. State of Function (SOF) 

State of function determines that how efficiently the battery can work/perform. It is 

estimated by the charge state, SOH, temperature data, charging/discharging data, and de-

termines the capability of the battery to be matched with the system. The SOF can be de-

scribed as [12]: 

 ��� =
� − ��������

���� − ��������

 (8)

Here, P and Pmax is the power and maximum power which battery can supply and 

Pdemands is the current power demand. 

3.1.8. State of Energy (SOE) 

This parameter defines the ratio between remaining energy and maximum available 

energy of a battery and is given by the expression [27]: 

��� =
�������

����

 (9)

An accurate SOE estimation by BMS is very important for energy optimization and 

management tasks such as range prediction, backup time estimation in stationary appli-

cations etc. Generally, temperature, charge/discharge current rate and aging affect the 

SOE and maximum available energy. 

3.1.9. End of Life (EOL) 

EOL refers to the time when a battery will stop working and the time remaining to 

reach that limit is called RUL. At EOL, the overall system becomes unreliable. However, 

there is an increase in prediction accuracy at EOL and also a gradual decrease in predica-

tion variance. EOL is generally assumed when the battery capacity is reduced by 75–80% 

of its rated capacity value and should be estimated accurately by BMS [18]. 

3.1.10. End of Discharge (EOD) 

EOD refers to the stage when SOC is 0% and the battery is empty. It is due to the 

energy loss and reduction in battery voltage. The battery is out of charge when it has no 

more power. BMS should be able to assess the battery conditions regularly and should 

avoid EOD situations [18]. 

3.1.11. Thermal Management 

Another critical function of BMS is to keep the battery pack temperature within de-

fined limits. LIBs’ performance, i.e., battery capacity, life, energy conversion/usage effi-

ciency, reliability, and safety, etc., are affected by both high and low temperatures. Simi-

larly, severe environmental conditions can also cause a thermal runaway which may make 

the battery explode. Also, the type, number and optimal placement of contactors, sensors, 

fuses, or electric bus bars (which may carry the battery pack’s main current) is very im-

portant to ensure safe thermal management. If thermal sensors are not placed in optimal 

places, misreading and thermal blind spots can result. Different ways are used to keep the 

temperature within limits [3,14]. For an example, the Tesla BMS uses liquid cooling (a tube 

is passed through the battery pack) to keep the cell temperature within certain limits [29]. 
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Internal Temperature Estimation 

Measuring the internal temperature of the battery is more difficult task as compared 

to measuring the surface temperature as sometimes there is more than a 12 °C temperature 

difference. However, measuring the internal temperature makes BMS capable of saving 

energy, avoid fires/explosions and understanding aging effects more accurately. Measur-

ing the internal temperature by using micro temperature sensors is generally complex and 

costly. Model-based approaches measure the internal temperature more accurately, but 

parameter tuning and the acquisition of other internal information are key issues in all 

these approaches [4,30]. 

3.1.12. Voltage Measurement 

Voltage measurements are another important task which a BMS should perform pre-

cisely. A BMS must have at least one voltage acquisition channel for each cell to acquire 

the current voltage level. Usually, front-end chips of BMS have an accuracy of 1mV and a 

range of 12 to 16 bits, i.e., resolution of about 380 μV. SOC estimation also depends heavily 

on voltage measurements. Therefore, algorithms which do not depend too much on volt-

age measurement accuracy should be used [14]. 

3.1.13. Current Measurement 

Accurate current measurement is also critical for accurate SOC estimation by the 

BMS. The Coulomb counting method is generally used to measure the current and to as-

sess dynamic SOC. However, due to the certain drift, offset, and temperature errors of 

current sensors this method does not provide precise SOC measurements. Current sensors 

in EVs should measure currents ranging from from milliamperes to 1000 Amperes and 

should also be able to capture fast current changes. Current sensors should also have good 

immunity against EMI noise and small offsets, especially for low current measurements 

[14,31]. 

3.1.14. Cell Monitoring and Cell Balancing 

Cell monitoring is one of the most important tasks of a BMS. A battery pack may 

have hundreds of LIBs which may behave differently during the run-time. BMS should 

continuously monitor the cells’ conditions which will ultimately help in managing, pro-

tecting, equalizing and controlling the operations, etc. [20]. It will also help in charg-

ing/discharging control, temperature control, communication, fault finding and assess-

ment, etc. Similarly, cell balancing is the most crucial task of a BMS.A BMS has to try to 

maintain an equal state of charge in each cell. Figure 4 shows the impact of SOC imbalance 

during charging and discharging scenarios, [32,33]. 

 

Figure 4. Effect of SOC imbalance on a battery pack (4-cell) [33]. 

3.1.15. Power Management Control 

Another important function of a BMS is to reduce the power consumption and min-

imize losses. The performance of batteries will be rapidly destroyed without a proper 
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power management control. Therefore, in case of unstable power supply and for any un-

usual operation power management control techniques should be applied by the BMS for 

a safe, stable, and efficient operation [34]. 

3.1.16. Charging and Discharging of Cells 

Charging and discharging of cells should be carefully monitored by BMS as the effi-

ciency, durability, and life cycle of LIB depends on its charging and discharging. Memory 

effect is removed by proficient charging and discharging and improves battery discharg-

ing period. The operating window of the LIB is around 2.5–4.2 V and the BMS should 

make sure that the battery is always operated within safe limits [35]. 

3.1.17. Communication 

The BMS has to maintain simultaneous bi-direction (internal and external) commu-

nications with whole system, i.e., power electronics, vehicle control unit, etc., to provide 

status updates, send/receive commands and perform other functions in real time. The cen-

tral control unit uses internal communications to connect with the internal hardware. Ex-

ternal communications are done between the BMS and other high-level hardware such as 

computers or HMI through wirelessly or wire-connected devices. External communica-

tions can be achieved by serial communications, CAN bus communications, DC bus serial 

communications, etc. BMS has to maintain the speed and reliability during communica-

tion in order to meet the minimum requirements of any process [10,14]. 

3.1.18. Computation 

A BMS system has to perform many functions, i.e., data collection, data processing, 

charging/discharging current, maintain charging/discharging limit, state estimations, etc. 

Therefore, the BMS must be very fast, dynamic, efficient and accurate to perform all these 

functions correctly. A BMS should have accuracy as high as ±0.2m or at least an accuracy 

of 1–2mV [10,36]. 

3.1.19. Data Monitoring and Storage 

BMS should be effectively able to monitor different parameters, i.e., output cur-

rent/voltage, charging status, notifications, etc. Otherwise, the BMS will not be able to 

perform many functions and evaluate the state of the battery accurately. Similarly, in or-

der to store and evaluate different kinds of available data, BMS should have good data 

storage. BMS should be able to utilize the stored data to perform different functions and 

predict any unexpected hazard in order to enhance safety, performance and function of 

EV [10,14]. 

3.1.20. Miscellaneous BMS Functions 

In addition to the prescribed functions, a BMS must also be able to perform different 

miscellaneous functions such as reducing non-recurring cost linked with the design and 

validation of the BMS; decrease the development time of systems and batteries; promote 

standardized interfaces for cross-compatibility of batteries and equipment which are ex-

pected to reduce recurring costs; decrease the burden on the user; increase safety; identify 

errors in the system; management of regenerative energy; be able to accurately predict the 

maximum battery capacity for safe and reliable operations, etc. [37].The next section pre-

sents BMS requirements to perform different functions efficiently. 

3.2. BMS Requirements 

3.2.1. Electromagnetic Interference (EMI) 

Sensors are vulnerable to the EMI making readings faulty and in a worst case sce-

nario make the data completely useless although detectable. Therefore, every electric and 

electronic component and other loads should be designed keeping in mind EMI. In order 



World Electr. Veh. J. 2021, 12, 120 10 of 40 
 

to reduce EMI effects, measures should be taken as defined in the ISO7637-1 standard, i.e., 

using common mode chokes and blocking capacitors [14,38]. 

3.2.2. Contactors Requirement 

Battery poles need to be galvanically disconnected in a battery pack. This can be 

achieved by using contactors which are also used to disconnect large DC currents in case 

of any failure. The switch off performance of the system may also be reduced by a large 

amount if disconnecting and extinguishing the electric arc on the contactors’ blades is not 

done properly in the case of DC currents [14]. Similarly, switch off efficiency can be re-

duced by a large amount if magnetic arc extinguishers are not used to push the arc away 

from the contact blades. Similarly, switch-on action of the blades poses another hazard-

ous. While closing, blades will bounce and on every bounce an electric arc will happen 

making the blades hot. At the end of bouncing very hot blades will be pushed and may 

weld with each other. In order to avoid all these hazards, zero potential across the contac-

tors should be maintained by a special circuit, pre-charge unit should be established, and 

zero switching power should be ensured during any switching action [10,14]. 

3.2.3. Redundancy 

The cost, design process time limitation, and other factors make it difficult to achieve 

a high degree of redundancy in a BMS. However, the ISO 26,262 standard demands re-

dundancy of the system in order to enhance the reliability. The standard demands that 

there should be at least two different chips to acquire cell voltages accurately and BMS 

should select the most trustworthy signal from these two different sources [14,39]. Simi-

larly, redundancy should exist in BMS for other functions such as higher level of pro-

cessing in central processing units, protection approaches, memory error correction and 

self-test mechanism implementation, etc. 

3.2.4. Galvanic Isolation 

High and low voltages sections in a battery pack should be galvanically isolated in 

order to decouple digital signals by optical, inductive or capacitive means. Similarly, ther-

mal sensors should be galvanically isolated to avoid any faults in high voltage sections 

from low voltage sections. Moreover, galvanic isolation must also be provided in a BMS 

between the battery pack and the vehicle electric control unit (ECU) [14,39]. 

3.2.5. Overall Protection 

As LIBs can explode, a BMS should also make sure to provide protection to its all 

components against over- and undercurrent/voltage, overheating/pressure, leakage cur-

rent/voltage, short circuits, over charging/discharging, faults in connected devices, 

ground faults, system or command failures, etc. The protection circuit in a BMS should be 

efficient and should also be designed keeping in mind the type, size, battery or cell used, 

connected device, purpose of use, etc. [40]. 

3.2.6. Other Requirements 

Depending on the application, many new requirements and constraints, i.e., space 

and system costs, etc.) can arise which should be satisfied by the BMS. For an example, 

mechanical robustness, weight and power consumption are particularly important pa-

rameters for aerospace applications [41]. The next section presents different BMS topolo-

gies. 

4. BMS Topologies 

BMS topologies define the communication architecture, connection of batteries, con-

trol structure, cost, installation complexity, maintenance, and reliability, etc., of the sys-

tem. The BMS topologies are described as below. 
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4.1. Centralized Topology 

In this approach, a single master module is used which is connected to the batteries 

serially providing single cell voltage, current, and other measurements. This topology is 

cheap, requires less maintenance and provides good accuracy. However, long cabling, 

possibility of mixing up or incorrect connections of the inputs increase the risk of short 

circuits and other miscellaneous errors. Also, the scalability and flexibility of the whole 

architecture is limited as the maximum number of batteries is strictly predefined. Moreo-

ver, if the master controller fails then whole system will fail, undermining the reliability 

severely [3,42]. In real life, the Volkswagen e-Up (2014) model used a BMS centralized 

topology with a battery pack containing 17 serially connected modules [14]. 

4.2. Modularized Topology 

In this approach, several identical modules are connected to the individual batteries 

similar to the centralized BMS topology. One of the modules works as a master module 

which controls the entire battery pack, while the other modules acquire information from 

the batteries and send it to the master module. This topology provides improved flexibil-

ity and scalability. The scalability can be increased by simply adding another BMS mod-

ule. The features of the BMS can also be deployed in individual modules. However, the 

overall cost of this topology is high and the number of inputs is still fixed. This topology 

also needs more hardware and programming effort. However, the entire system is not 

affected if there is a breakdown of one module as in case of centralized BMS. The Tesla 

Model-S and Mitsubishi Motors use a modular BMS topology [3,14,42]. 

4.3. Distributed Topology 

In this topology, a BMS module is assigned to each cell. The BMS controller handles 

the overall measurements and communication. This topology is reliable, robust, and cost-

efficient. This approach is more flexible and scalable as compared to centralized and mod-

ularized approaches. The cells can be added or removed increasing the flexibility and 

scalability. Moreover, high measurement accuracy is achieved due to short connecting 

wires and better interference immunity. However, this topology is complex and costly 

[3,42]. 

4.4. Decentralized Topology 

In this topology, many equal decentralized BMSs units provide the entire function-

ality locally, reliably, and autonomously. There is no chance of entire system failure due 

to the absence of a central control unit. This topology is flexible and scalable and the inputs 

can be added or removed even after installation. The scalability also increases with rising 

decentralization. This approach offers many advantages, but the development requires 

new methods [3,42]. Table 3 summarizes the comparison among various BMS topologies 

[42]. 

Table 3. Comparison of BMS topologies [42]. 

BMS Topology Reliability Scalability Flexibility 

Centralized Not satisfactory Not satisfactory Not satisfactory 

Modularized Neutral Partially not satisfied Partially not satisfied 

Distributed Partial compliance Partial compliance Partial compliance 

Decentralized Fully compliance Fully compliance Complete fulfillment 

The next section presents the fundamentals of battery modeling and different battery 

models. 
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5. Battery Modeling 

5.1. Fundamentals of Battery Modeling 

This section provides a brief idea regarding the different behavior exhibited by the 

battery. 

5.1.1. Usage-Capacity and State of Health (SOH) 

These features have already been described in Sections 3.1.1 and 3.1.2. 

5.1.2. Polarizations 

During the substance responses in batteries, bothersome impedance emerges. These 

unfortunate impedances are generally known as polarization. The reactions happen in 

steps and initiation polarization happens due to slowest step. The dispersion also influ-

ences response rate among reactants and items because of focus contrasts called fixation 

polarization. The electronic opposition of dynamic mass and current gatherers, ionic ob-

struction of electrolytes, and the contact opposition between dynamic mass and current 

authorities all add to Ohmic polarization. Misfortunes coming about because of these po-

larizations are considered by protections Rtrans, L, R-series, and Rtrans_S. All polariza-

tions are answerable for mishaps commonly known as I2R mishaps. The mishap builds 

increases the temperature of the battery which can be represented as: 

�������� = ���. ��������  (10)

where Rthermal is the thermal resistance [12,20,23]. 

5.1.3. Charge Recovery Effect 

The battery recuperation impact misuses a shrouded event occurring inside the bat-

tery. When the pace of outside action is quicker, for example, when the battery energy is 

released at a high rate, the pace of synthetic responses inside the battery can’t keep up 

with it. Thus, the convergence of the dynamic charges close to the anodes turns out to be 

not exactly their location in side the battery. When the battery has a low burden or no load 

for quite a while, dynamic charges have sufficient opportunity to diffuse to the anodes, 

and charge recuperation happens. Subsequently, the usable limit of the battery released 

at a high rate is lower than that of one released at a low rate [12,20,23]. 

5.1.4. Utilization Factor 

This is generally known as battery effectiveness and is typically communicated as 

Coulomb proficiency, vitality productivity, or voltage productivity. Vitality effectiveness 

is an umbrella term that considers both voltage and Coulomb proficiency. The capacity of 

the battery is influenced by the vitality lost. Accordingly, the capacity diminishes as the 

normal release current increments. This infers the battery release work is a super-straight 

capacity of the normal release current [43]. In general energy efficiency is defined as: 

������ ���������� =
������ ������

����� ������
. 100 (11)

where output energy is the discharge energy and input energy is the energy required to 

charge to the initial state. The efficiency of the battery is affected by the energy lost (I2R), 

which means that the efficiency decreases, as the average discharge current increases 

[20,23]. The next section presents different battery models. 

5.2. Battery Models 

Building a proper battery model is very important for the BMS design, functionality, 

control and optimization. Figure 5 presents different battery models. 
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Figure 5. Classifications of battery modeling. Adapted from [4]. 

5.2.1. Battery Electric Model 

Electrochemical model, reduced-order model, equivalent circuit model and data-

driven model are the main battery electric models [4]. Electrochemical models are mainly 

characterized by battery’s strength, physical aspects, stress, and current. These models are 

able to represent the electrochemical process within the battery accurately. However, it is 

difficult to represent many parameters in real time such as chemical composition, etc. 

These models also have large computational overheads due to the involvement of many 

partial differential equations [4,18]. Reduced-order models can be approximated from full 

order electrochemical models by suitable assumptions with some loss of information. In 

this way, the computational overhead is reduced and desired parameters can be identified 

in real time applications. In equivalent circuit models, the battery is abstracted as an elec-

tric circuit, i.e., Rint model, Thevenin model, etc., and the dynamic characteristics are rep-

resented by algorithms. As external features are used to model the battery, therefore, most 

of the internal information is lost. This approach is simple and widely used in real time 

applications as less parameters are required [44]. This approach also shows good perfor-

mance for low SOC range and provides accurate temperature distribution prediction. 

Data-driven models depict the relation between the input and output signals of batteries, 

i.e., battery electric behaviors without any prior knowledge. Comprehensive test data of 

the battery operation range should be available with efficient tuning for better model ac-

curacy and good generalization ability. The data-based models can be generally catego-

rized as machine learning, filtering, and stochastic [3,4,18,45]. 

5.2.2. Battery Thermal Model 

The heat generation model, heat transfer model, reduced-order thermal model and 

data-driven model are the thermal models used to acquire batteries’ thermal characteris-

tics. Heat generation models generally use activation, concentration and Ohmic losses to 

represent heat generation. There are three popular approaches which have been used 

widely in real time applications, as presented in [4]. 

Battery heat transfer uses heat convection, heat conduction and heat radiation to get 

the thermal behaviors of the batteries. High-heat hot spots can be detected by three-di-

mensional approaches while one dimensional heat transfer models can only capture ther-

mal information along one direction. Many reduced-order thermal models have also been 

designed to maintain battery thermal management. In one of the approaches, the order of 
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a LIB model is reduced to low-order linear model from a one-dimensional model and re-

sults show that the reduced model accurately predicts the temperature [3,4,45]. 

5.2.3. Battery-Coupled Electro-Thermal Model 

Strong coupling exists between a battery’s electric and thermal behaviors. In order to 

acquire battery electric behaviors (e.g., current, voltage) and thermal behaviors (e.g., sur-

face/internal temperature) simultaneously, several coupled electro-thermal models have 

been designed such as coupled lump parameter and coupled distributed-parameter mod-

els. In one of the approaches, a 3-D electro-thermal model was developed to approximate 

battery states and measure heat production. In another approach, a coupled 3-D electro-

thermal model was designed to examine the effect on battery temperature due to other 

battery operations such as coolant flow-rate and discharge current, etc. [4]. Similarly, hy-

brid and empirical approaches have been used for battery modeling. In empirical simula-

tions (statistical models), experimental cell data is used to simulate the battery behavior 

under similar conditions. These models do not provide any details about the battery char-

acteristics and match only the data without considering the physical or chemical concepts 

which is feasible for real-time systems [4,18,45]. Table 4 presents different battery models 

with their advantages and disadvantages [3,4,12,18,46,47]. 

Table 4. Comparison of battery models [3,4,12,18,46,47]. 

Type Advantages Disadvantages 

Electrochemical model 

Accurately represent electrochemical process 

within the battery; accurate temperature & voltage 

measurement; better performance; simple; univer-

sal reliability 

Large computational overheads; needs extensive domain 

knowledge & longer development time; needs testing un-

der exact conditions; invasive operation needed for some 

measurements; real time measurement of some applica-

tions not possible; parameter identification is difficult 

Reduced-order electric 

model 

Less computational overhead; parameters identifi-

cation in real time 

Loss of information’s as compared to electrochemical 

model 

Equivalent circuit 

model 

Simple; Widely adopted in real time applications; 

good performance for low SOC range; accurate 

temperature distribution prediction; universally 

reliable 

Less internal underlying reactions/information; needs 

testing under exact conditions; invasive operation needed 

for some measurements; real time measurement of some 

applications not possible; parameter identification is diffi-

cult; requires extensive domain knowledge & longer de-

velopment time 

Heat generation 

model 
Widely applied in real-time applications; reliable 

Not accurate enough to represent the thermal behavior of 

battery; needs domain knowledge & longer development 

time 

Heat transfer model 
Captures temperature distribution; detect hot 

spots in high-heat generation applications 

Large computational overheads for real-time applica-

tions; used for offline simulations. 

Coupled electro-ther-

mal model 

Moderately accurate; Moderate physical interpret-

ability 
Complex; not suitable in real time applications 

Data-driven model 

(Machine Learning 

Approaches, Filtering 

Approaches, Stochas-

tic Approaches) 

Shorter development time; does not require exten-

sive domain knowledge; high accuracy of voltage 

calculation 

1-Machine Learning Approaches (Simple; good 

for non-linear systems) 

2-Filtering Approaches (Used for state-space 

model; good for non-linear, Gaussian & non-

Gaussian systems) 

3-Stochastic Approaches (Considers degradation 

process time-dependency; Provides uncertainty 

about results) 

Requires large amount of data; unpredictable black box 

model; efficiency depends on test data & training ap-

proaches; difficulty in parameters tuning 

1-Machine Learning Approaches (Point estimated RUL, 

uncertainty about measured results) 

2-Filtering Approaches (state-space model required, Point 

estimated remaining useful life) 

3-Stochastic Approaches (Complex, Takes into account 

uncertain factors) 

Hybrid approaches 

(Series/Parallel) 
Highly accurate; reliable; robust 

Reliable only for certain situations & for defined time pe-

riod. 

Empirical models Simple, computationally efficient Limited capability of describing the terminal voltage 
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BMS have many challenges which are described in the next section. 

6. Issues and Challenges of BMS 

6.1. SOC Estimation Issues 

SOC estimation is very critical, however, estimating SOC accurately is very challeng-

ing due to the high nonlinearity characteristics of EVs. Coulomb counting is one of the 

easiest approaches, but it has many issues such as initial SOC errors, current measurement 

and integration errors, uncertainty about battery capacity, timing oscillator errors, etc. 

Similarly, the open circuit voltage (OCV) approach cannot be used in real time as the bat-

tery needs to rest before the OCV can be measured, i.e., due to the relaxing effect, etc. [13]. 

Similarly, errors in the parameter estimation, voltage and current measurement errors, 

effects of aging and temperature are other issues with the OCV approach. Similarly, the 

electrochemical impedance spectroscopy (EIS) approach requires a longer time and is 

costly. Therefore, the existing approaches have many challenges and SOC estimation un-

der realistic conditions has not been broadly done. The most difficult job is to estimate 

SOC by using a low cost BMS which should have small memory storage, but fast speed 

[11,18,19,23]. 

6.2. Real-Time SOH Estimation Issues 

Real time SOH estimation is an open challenge as current approaches do not estimate 

battery health precisely. Existing model-based approaches have many limitations and do 

not predict the health status accurately. Similarly, data driven approaches have issues 

such as different training and machine learning methods. Therefore, the available options 

are to replace the battery prematurely impacting financial burden to owner and too much 

waste in the environment or wait for a complete failure which enhances the safety issues 

[13,18,19,23]. 

6.3. Optimal Charging Problem 

Battery charging techniques are less efficient, less safe, and take lot of time as com-

pared to refueling combustion engine cars. Constant trickle current is the common 

method for charging, but it uses low current which takes long charging time. By increasing 

charging current the time to charge a battery can be decreased, but it may increase the 

battery OCV above than safety threshold and also generate heat [13,48]. Traditional bat-

tery charging approaches have many limitations as shown in Table 5 [4]. 

Table 5. Comparison of charging methods [4]. 

Approach Issues 

Constant current (CC) Low capacity utilization 

Constant current (CC) Battery lattice may collapse 

Constant current-constant volt-

age (CC-CV) 

Balancing issues for charging speed, energy loss & temperature 

variations 

Multi stage constant current 

(MCC) 

Balancing issues for charging speed, capacity utilization & battery 

lifetime 

Therefore, battery charging is a challenging task to maintain a balance between 

charging efficiency, heat, lifespan, and battery deterioration. 
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6.4. Fast Characterization 

SOC and SOH are two important offline characteristics required in a BMS, but it is 

very time consuming and real time estimations have many issues. For real time SOC esti-

mations by simple OCV-SOC models reduces accuracy, accumulates different errors from 

other estimated parameters, etc. These OCV models also cover the estimated SOC range 

depending on the battery usage pattern and do not cover the entire SOC range which can 

only be achieved by a complete charge/discharge profile. Similarly, SOH characterization 

is almost impossible in real-time [13,49]. 

6.5. Existing Battery Models Issues 

Generally, physical methods (equivalent models, electrochemical models, etc.), data 

driven methods, and hybrid methods are used to characterize batteries in a BMS. How-

ever, these models have many issues as presented in Table 4. For physical approaches, 

exact conditions are required for the conduction of different tests which is not possible in 

different environments. Data driven methods have higher computational complexity and 

performance depends on the test data and training approaches. Although many new in-

telligent techniques/algorithms have been developed for efficient BMS, these approaches 

also have many challenges [4,13,18,19,23]. 

6.6. Data Abundance, Variety, and Integrity Issues 

Data abundance and data variety are the main challenges in executing intelligent al-

gorithms in battery models as the accuracy of these approaches depends on these factors. 

However, it takes a lot of time to collect a large amount of diverse data which also in-

creases the computational complexity and leads to over-fitting issues due to the training 

time extension [50]. Similarly, data integrity is another issue as the existing data base has 

a permanent charge/discharge pattern and temperature conditions used in a laboratory 

environment. Moreover, battery test benches used in laboratories suffer from equipment 

precision, noise impact, and electromagnetic interference issues, etc. Therefore, BMS eval-

uation under various changing conditions is needed in real world environments [46,50]. 

6.7. Parameter Selection Issues for Intelligent Algorithms 

The efficiency of intelligent algorithms depends on their input features, framework, 

training approaches, and hyper parameter adjustment. Designing a suitable structure and 

appropriate selection of hyper parameters for intelligent algorithms is a difficult task 

which may also cause data under fitting and over fitting issues. The existing trial and error 

approaches for the selection of hyper parameters suffers loss of human energy and takes 

a lot of time [50]. 

6.8. Optimization Issues for Intelligent Algorithms 

The integration of intelligent methods and different control schemes needs optimiza-

tion, but it has many challenges as optimization algorithms have different convergence 

speed, execution time, and complexity. Therefore, the selection of suitable optimization 

technique is needed for intelligent algorithms [50]. 

6.9. Thermal Management Issues 

Measurement of local and distributed temperature information is required by BMS 

for accurate measurement of SOC and RUL and to avoid any failure, etc. Although, dif-

ferent approaches are used, low cost, accurate, and high range temperature sensors are 

required for a smart BMS, especially for internal temperature measurement [3]. 
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6.10. Thermal Runaway 

This is an irreversible chemical process initiated by the increase of SOC, high number 

of aging cycles, overcharging a single cell voltage above the standard voltage (4.35 V), and 

increasing number of charge/discharge cycles, etc. It can cause lithium plating, overcharg-

ing, short circuiting, heat generation processes, etc. Fast charging also increases the possi-

bility of thermal runaways, further enhancing the danger of explosion [3,4]. 

6.11. RUL Prediction Issues 

Predicting RUL accurately by BMS has also many challenges due to modeling insuf-

ficiencies, system noise, and degraded sensing fidelity, etc. RUL predication based on ag-

ing mechanisms has many uncertainties and is limited to certain types of batteries. Pre-

dicting RUL using data-driven approaches suffers from the health indicator inaccuracy 

and hybrid methods suffer from the complexity and computational issues [3,4,8]. 

6.12. Early Charge Termination Issues 

Early charge termination may reduce the LIBs capacity, i.e., raising internal imped-

ance and resulting in long operations, etc. During charging, the safety functions may abort 

charging if any of the serially connected cells reaches its over-voltage limit (4.35 V) to 

avoid overloading. Due to this, the battery pack may be severely undercharged and useful 

life may be reduced [6,32]. 

6.13. Premature Cells Degradation Due to Overcharging 

If any cell in a battery pack has less capacity than other serially connected cells in a 

pack and if they start at the same SOC then cell imbalance will happen. A defined voltage 

will be achieved by the pack, but every cell voltage will be different. If the capacity defi-

ciency of lower cell is more than 10% then this cell’s voltage will start rising into a dan-

gerous area resulting in cell degradation or a safety issue. Therefore, cell degradation pro-

cesses can be considered as auto accelerating and is very challenging to handle this issue 

in a BMS [6,24]. 

6.14. Early Discharge Termination &Over-Discharging Issues 

Capacity reduction of the batteries may also happen if early discharge termination (if 

any cells in a pack reached low voltage threshold earlier) is done to avoid over-discharg-

ing/damage of any other cell. The cell-based termination voltage is generally less than the 

pack-based threshold voltage. Low cells are bypassed at the end of discharge phase to 

increase the cell’s useful discharge time. However, to implement efficient bypassing tech-

nique is expensive in a BMS. Similarly, over discharging may also reduce cell capacity due 

to different chemical reactions and may cause a detonation [6,17,33]. 

6.15. Issues of Safe Operating Region &Continuous Efficient Operation 

A safe operating region cannot be defined for batteries due to continuous change in 

internal and external environment conditions. This may create unreliability and instability 

within cells posing serious issues. Also, it is always difficult to ensure a continuous profi-

cient operational state, especially for peripheral control units of the BMS as different fac-

tors affect the electrochemical properties of the batteries [44,51]. 

6.16. Memory Effect Issues 

Memory effect happens due to recharging many times after being partially dis-

charged or many charge-discharge cycles during normal operation. This effect decreases 

the memory holding capacity of battery and might produce cell imbalances [38]. 
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6.17. Aging Issues 

Internal resistance and capacitance fading mainly cause aging of the battery. Simi-

larly, high temperatures also accelerate the aging process. It is hard to monitor the aging 

process until a sudden change in battery performance happens. An appropriate model 

which particularly takes into account cell aging parameters must be designed to overcome 

this issue [15]. 

6.18. Hysteresis Characteristics Issues 

With this phenomenon, battery SOC has a higher value during charging than dis-

charging, and therefore, the SOC-OCV curve is not consistent with the charge and dis-

charge making it difficult to estimate SOC. The concentration and electrochemical polari-

zation, dissipation of energy and ohmic resistance cause hysteresis characteristics [52]. 

6.19. Existing BMS Not Universal 

Every BMS has its own features, i.e., different cell balancing and communication 

methods. Therefore, there is an issue of non-interchangeability of software and hardware 

among different BMSs. The existing BMS are also not universal in many other aspects, i.e., 

this restricts battery selection, results algorithm selections, and restricts reusing battery 

packs for energy storage for other BMS, etc. [14,52]. 

6.20. Self Evaluation Issues 

BMS assessment is a very difficult since it is very hard to represent many complex 

features, i.e., power and capacity fade, thermal effects on different parameters, and relax-

ation effects, etc., of LIBs. Therefore, the BMS evaluation and validation under different 

failure conditions needs to be analyzed to find efficient solutions. Particularly, real-time 

self-evaluation needs to be designed further in the presence of gradual and rapid temper-

ature changes as compared to the constant temperature settings used in laboratories [13]. 

6.21. Estimation of Maximum Capacity and Modeling under Different Conditions 

Currently, a full discharge test of a battery is employed for capacity estimation and 

it is calculated on-line as �������� = ∫ ���. The capacity will be higher with longer inte-

gration time and maximum capacity can be achieved if it is discharged at a constant rate. 

However, the battery discharge rate is not constant and it will not be fully discharged 

every time. Similarly, battery modeling under different conditions or under combined fac-

tors instead of a single factor is still subject to query [13,53]. 

6.22. Capacity and Power Fading Issues 

During discharge, transformations of the active materials of the battery occur which 

increases the capacity loss. Similarly, an increase in internal impedance and voltage drop 

may affect the power rate. Both of these phenomena increase the SOC error [22,48,53]. 

6.23. Safety Issues &Handling of Potential Risks 

Every cell behaves differently during cycling which may cause cell imbalance trig-

gering a safety hazard. The performance of the LIBs also gets deteriorated by external 

environmental conditions, temperature changes and unseen factors, etc. Battery deterio-

ration may cause leakage, insulation breaks, and short-circuits. Serious situations, i.e., 

spontaneous combustion and explosions, etc., and some unprecedented risks might occur 

such as exothermic reaction of lithium ions with oxygen if LIBs are opened in air, or exo-

thermic reactions producing hydrogen gas if exposed to water, etc. These reactions can be 

very dangerous. Moreover, presence of highly reactive chemicals close to each other 

makes batteries inherently dangerous. Fires or explosions can happen if overheating/over-

charging happens. The cathode can be decomposed if the maximum voltage is exceeded 



World Electr. Veh. J. 2021, 12, 120 19 of 40 
 

producing high heat and increasing short circuit risks. Decomposition of the electrolyte 

can also happen if voltages are extremely high, which is very dangerous [54,55]. 

6.24. BatteryRecycling Issues 

Recycling of batteries is another issue which needs to be taken care. The number of 

used LIBs is increasing rapidly, which demands a good mechanism of collection and re-

cycling of the batteries. This will reduce environmental problems and will also increase 

the recycling potential. However, there is no clearly defined process which will have min-

imum environmental effects [3,13]. 

6.25. BatteryReuseIssues 

Battery reuse is another challenge for BMS. BMS algorithms heavily depend on the 

characterizations of batteries carried out in laboratories which are effective only one time. 

As the electrochemical properties of the batteries changes with usage and environmental 

conditions, it will be not safe to use the old batteries again under the assumption of similar 

characteristics. The batteries have also valuable metals such as copper, aluminum, and 

cobalt, etc. Therefore, if we can use these batteries again, it will be very beneficial as the 

increased mining of the metals used in these batteries is also creating shortage of these 

metals along with increases in prices [13,16]. 

6.26. BatteryDisposal Issues 

Some used batteries are classified as hazardous waste which needs to be disposed of 

properly. If these LIBs are not disposed of properly it may cause explosions, environmen-

tal issues, and safety hazards. It may also lead to expensive clean-up. There are regulatory 

issues while disposing of batteries, along with related transportation, treatment, and dis-

posal costs. 

6.27. Batteries Discharging Issues 

Discharging of batteries is required when damaged/used cells cannot be opened 

safely but discharging of these batteries may create a safety hazard. If the batteries are 

discharged in brine, hydrogen and oxygen gases will be produced which must be venti-

lated to avoid a detonation. Similarly, current must be kept low to avoid overheating if 

resistors are used to discharge the batteries [13]. 

6.28. Battery Charger Issue 

Universal battery chargers are another issue for BMS. Custom battery chargers are 

generally smaller and used only for household applications and may also produce ex-

treme electronic clutter and environmental waste. Therefore, the battery charger designers 

have to address this issue due to the different types of batteries used [13,45,49,56]. 

6.29. Self-Discharge &Different Charging/Discharging Rate Issues 

SOC estimation is also affected by battery self-discharge which is basically a loss of 

charge. Self-discharge may happen due to the ambient temperature, effect of diffusion 

process, cycle times and storage time. Similarly, SOC estimation is also affected by differ-

ent charge/discharge rate. Higher discharge rates also enhance the depth of interaction, 

but it is very important to operate the battery within acceptable limits to enhance the bat-

tery life and to prevent overcharge/over-discharge [57]. 

6.30. Communication Issues with Chargers 

A BMS has to communicate with internal vehicle components, the charger and exter-

nal devices. A well-diverse controlled area network bus is used for internal communica-

tion. Communication with the charger is done through the system management bus 
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(SMBus) which provides battery current condition and usage history to the charger. How-

ever, because of the many different manufacturers and battery types it is hard to design a 

uniform communication with the charger [13]. 

6.31. BMS Power Source and Power Consumption Issues 

Batteries are the only power source in EVs and the BMS takes power from the same 

battery which it is supposed to protect and maintain. This increases the difficulty of the 

design of the BMS. Similarly, BMS consume power all the time whether the car is running, 

idle or charging. Therefore, a BMS must consume very little power when the car is not 

charged for a long times (eventually the car may be cranked or charged before its next 

use) to avoid battery drainage. This problem is still very common even with popular cars 

like the Tesla [13,25]. 

6.32. Miscellaneous Issues 

BMS have many other miscellaneous issues such as data logging functions are very 

important for establishing a database to store the driving patterns and other useful infor-

mation of the EVs. However, there is usually very limited data logging function availabil-

ity in a BMS; the BMS circuitry is still complex, costly and bulky, consumes high power, 

and pressure management is difficult. A smart BMS is needed for advanced EV applica-

tions; SOC estimation of LIB pack is very hard. LIB pack SOC imbalance affects power, 

energy computation and safety system [45]; Prognostics are not as efficient as diagnostics 

as less work has been done on the evaluation and comparing performances of different 

kinds of prognosis; A compact battery testing system (BTS) is needed to test the batteries 

instead of individual modules from different manufacturers which also increase error for 

different measurements, etc.[17,35,43].The next section describes some recommendations 

to overcome the existing issues/challenges. 

7. Recommendations 

7.1. Enhancing Safety and Reliability of BMS 

The main hazards of LIBs are exposure to high voltage, arcing, fires, vented gas com-

bustibility and vented gas toxicity, etc. Interlock circuits and insulation monitoring should 

be used to enhance safety and reliability of the batteries by maintaining proper distances 

between PCBs inside batteries and connectors. Digital isolator ICs should be used for gal-

vanic signal isolation instead of optocouplers for superior performance and reliability. 

Sensors should be placed inside battery pack to reduce the risk of fire. Similarly, contac-

tors should be used for disconnecting battery pack from system along with melting fuses. 

Software errors and sensor faults should be taken care by the use of knowledge of electri-

cal behavior of the battery. It should make sure that any safety action may not trigger any 

other safety hazard and the safety and reliability are always balancing each other. Current 

interrupt devices and positive temperature coefficient approaches should be used in LIBS 

for further safety. Gas sensors can also be a cost-efficient way to enhance the safety of 

BMS. All BMS units must follow the most stringent safety standards as defined by the 

ISO26262 standard [18,24,38,45]. 

7.2. Development of New Battery Models/Approaches 

New models/approaches should be developed to address the current issues related 

to battery states estimations, cell balancing, optimal charging, fast characterization, RUL, 

real time impedance estimation, and so on as the existing models (electric/thermal, data 

driven, etc.) have many limitations. New methods should be highly efficient and cost ef-

fective [22,38]. 
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7.3. Advanced Multi Scale and Co-Estimation Process Needed 

SOC and SOE change rapidly with current variation while the SOH and RUL vary 

with capacity fluctuation. Therefore, multi-scale and co-estimations processes should be 

developed by using different spatial and temporal scales for estimating battery states 

more accurately. It will also reduce the computation of BMS. Similarly, optimizing the 

data-driven control strategy with multi-scale multi-dimension approaches may be more 

efficient for multi-scale state joint estimation [6]. 

7.4. Algorithm Hybridization 

Optimization of hybridized intelligent algorithms has shown advantages over single 

intelligent algorithms in recent studies. However, the complexity and unwanted out-

comes have also increased. Therefore, more research should be done to develop efficient 

hybrid algorithms [50]. 

7.5. Development of Advanced Prognostic Approaches 

Advanced prognostics and health management (PHM) approaches should be devel-

oped to monitor different parameters, i.e., temperatures, rate of charge and discharge, 

DOD, vibrations, etc. It will help to estimate the system’s state of health in advance and 

suitable decisions/actions can be applied by BMS to further improve the safety, reliability 

and life of the system [53]. 

7.6. Efficient Prototype Design and Training Performance Enhancement 

Highly efficient and reliable BMS with small memory and high speed should be de-

veloped for the implementation of intelligent methods and other approaches to estimates 

battery states and for fault diagnosis. Similarly, time and training accuracy are the major 

challenges while executing intelligent methods, especially deep learning algorithms. More 

research is required for selecting appropriate parameters and training algorithms to speed 

up the training procedure. 

7.7. Advanced Thermal Management Approaches 

Further study should be done to find new ways to keep the battery temperature at 

an optimal level. Electrochemical impedance spectroscopy and sensorless temperature de-

tection methods should be used for enhanced accuracy and safety. Similarly, new tech-

nologies should be developed to measure the internal temperature more accurately. Use 

of external battery thermal management systems approaches, i.e., air/liquid cooling and 

material cooling, etc., can also be considered [58]. 

7.8. Understanding Aging Effect 

Understanding the effect of aging on different parameters of LIBs is very important 

for a BMS to accurately predict SOH. Battery aging dynamics are multifaceted, entangled, 

and alike which make it very difficult to estimate aging. New methods should be devel-

oped to understand this effect. 

7.9. Life Cycle Assessment 

Further research must be done to find out new material and their effect on the lifecy-

cle patterns of batteries. Those materials which are uncommon, expensive, poisonous, and 

hard to recycle should not be used in the manufacturing of LIBs. If model simulations 

show that battery pack life is extended with the use of newly found materials without 

affecting the performance at steady state. Then it will really attract the battery manufac-

turers and will also reduce the recycling load and disposal infrastructure [45,47]. 
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7.10. Fast Charging Requirement 

Fast charging is the urgent need of EVs development. Batteries undergoing fast 

charging require more sophisticated battery management system and much more accu-

rate estimations of conditions in order to prevent overcharging and overheating. There-

fore, BMS should have an optimal charging strategy which should be less time-consum-

ing, highly efficient, safe, and based on optimal solutions. 

7.11. Enhancing LIBs Capacity 

The capacity of the LIB is influenced by many unseen factors, i.e., vibrations, envi-

ronmental factors, operating conditions, and engineering variations, etc. Current technol-

ogies and prognostics are not able to accurately predict the degradation resulting from all 

this. Therefore, new technologies should be developed to enhance the real lifetime of the 

LIBs. Abnormality detection approaches and different driving patterns should be used to 

update the predictive results and to develop more efficient battery models. 

7.12. Uniform Rules Required for Disposing of Used LIBs 

There are different regulations all over the world regarding disposing of used LIBs. 

However, uniform and universal rules should be made to handle this issue without pos-

ing any environmental impact and for further scientific research and industrial practices. 

7.13. Efficient Recycling 

Used batteries have still useful energy. For an example, a Tesla Roadster battery con-

sists of 6831 cells and it will be a massive waste problem if there were no recycling. New 

technologies should be developed by government and non-governmental agencies to find 

out different economical and most beneficial ways to extract these useful energy/resources 

from used batteries [13]. 

7.14. Efficient Reuse 

Research should also be done that how to reuse batteries in order to save the remain-

ing energy. These approaches should be efficient and environment friendly. It will also 

save the rare battery resources inside the Earth. 

7.15. Universal BMS 

Adaptive strategies should be developed to build a universal and open source BMS. 

This will enable different BMS manufacturers to collaborate for the enhancement and de-

velopment of hardware and software’s and will also improve the overall efficiency of 

BMS. It will also enable integration of third part functionalities easily which will make 

BMS cost effective and to meet future requirements. 

7.16. Wireless BMS 

Wireless BMS should be used to improve performance and to meet societal changes. 

It will reduce the cost, size, weight and will increase the efficiency of BMS by avoiding 

large amount of wiring in existing BMS. The existing wiring is costly, prone to mechanical 

failure, and makes it hard and time consuming to fix/replace any component. Wireless 

BMS will improve vehicle efficiency, reduce cost, and extend driving range along with 

offering more accurate and useful information about the condition of the battery cells [58]. 

7.17. Integration of BMS with Big Data Platform 

The precision of intelligent algorithms can be more improved through cloud storage, 

cloud computing and big data platforms in real-world environments. Cloud BMS and the 

digital twin technology could also be potential solutions for limited data logging functions 



World Electr. Veh. J. 2021, 12, 120 23 of 40 
 

and computational issues. Moreover, intelligent methods can be trained under real-time 

tests and can be more accurate [59]. 

7.18. BMS Virtualization 

BMS master control unit should be replaced by a virtual machine which should run 

directly on vehicle control unit (ECU). It will reduce cost, complexity and space of overall 

BMS system as monitoring and measurement will be dedicated to slave modules only. For 

an example, this virtual machine can be monitored by real time systems such as PikeOS 

from SYSGO [27]. 

7.19. BMS Structure Enhancement 

Two electrodes of the batteries must be separated by a non-flammable and solid bar-

rier made of insulation material to avoid any contact of electrodes, even in case of an ac-

cident. Similarly, retardants with a higher flashpoint than electrolytes should be used to 

prevent fires. Moreover, fuel, oxidizer, and control unit must be chosen in such a way that 

the battery is not exposed to fire or any abnormality during a combustion process [55]. 

7.20. BMS Installations Recommendations 

The equipment rating and marking instruction must be strictly followed. The com-

patibility of new equipment must be checked in case of any replacement. Third-party ver-

ification is recommended to ensure safety in order to avoid manufacturer and design 

faults. It is always recommended to remove whole battery bank instead of few batteries. 

A safety logbook should be maintained with regular safety checks of BMS to fulfill any 

requirements and modifications [54]. 

7.21. Tamper Proof BMS and Shutdown/Reset on Abnormal Behavior 

BMS must be tamper proof and must be highly sensitive to any kinds of tampering 

either to hardware or software for safe operation of BMS. Similarly, BMS must be able to 

shutdown/reset and disconnect electrical connection to load/charger in case of any abnor-

mal behavior/readings avoiding any safety issue. 

7.22. Misc Recommendations 

There are many other recommendations such as all BMS units must be separated 

physically so that any abnormal issue within a BMS unit should not spread to other units; 

There should be more than a minimum number of nominally identical equipment to act 

as backup in case of any failure; Different battery testing systems (BTSs) such as Digatron, 

Arbin BT 2000, DAQ and NEWARE BTS 4000, etc., are used for battery testing. However, 

an advanced and universal battery testing system should be developed to avoid different 

equipment errors; Very less work has been done for the SOC estimation of battery packs. 

Further work is required in this area; others existing issues such as cell balancing, self-

discharge, and estimation of maximum capacity, hysterics issues, and rate of charge/dis-

charge issue must be taken care with advanced technologies/models [9,24,41,49]. The next 

section presents a comparison among commercially available BMS. 

8. Commercially Available BMS 

Table 6 [60], provides a comparison of commercially available BMS which are com-

monly used in EVs and plug-in-hybrid vehicles. 
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Table 6. Comparison between commercially available BMS [60]. 

Features Orion BMS 
Lithiumate 

Pro 
MK 3*8 Mini BMS 

Overcharge/discharge, thermal & over-

current protection 
Capable Capable Capable Capable 

Cell & Pack Health Monitoring Capable Capable In capable In capable 

Cell balancing Capable Capable Capable Capable 

Field Programmable Capable Capable Capable In capable 

SOC monitoring Capable Capable Optional Separate 

Charge/discharge current limits Capable Capable In capable In capable 

Cell & Pack Internal Resistances Capable Capable In capable In capable 

Trouble codes w/OBD-II freeze frame Capable In capable In capable In capable 

Simulation of ‘virtual’ PHEV battery Capable Capable In capable In capable 

Programmable OBD-II support Capable In capable In capable In capable 

Centralized Design Capable In capable In capable In capable 

Supports external thermistors Capable In capable Capable In capable 

CANBUS Interfaces 2 interfaces 1 interface In capable In capable 

Isolation Fault Detection Capable Optional In capable In capable 

Automotive grade locking connectors Capable In capable In capable In capable 

Easy to disconnect from battery Capable In capable Capable In capable 

Supports dual ranging current sensors Capable In capable In capable In capable 

Programmable structure for all CAN 

messages 
Capable In capable In capable In capable 

Software for data logging & program-

ming 
Capable In capable In capable In capable 

Cell voltage sampling rate 30 ms 600–10,000 ms 
62.5 ms per 

cell 
N/A 

Cell voltage measuring range 0.5–5v 2.04–4.54 v 1.25–6.0 v N/A 

The next section describes cell balancing topologies and their comparison. 

9. Cell Balancing 

As described earlier, cell balancing is very crucial for a safe and reliable BMS opera-

tion. Cell balancing is a method of equalizing the voltages and SOC among the batteries 

when they are at a full charge. Even two cells of the same model and from the same man-

ufacturer are not identical. There are always slight differences in SOC, voltage, current, 

impedance, and temperature characteristics, etc. Without a balanced system, the voltage 

of a particular cell will move exclusively over time and it will also reduce the overall pack 

capacity and battery arrangement will malfunction [61]. Three diverse cell adjusting pro-

cedures are generally utilized: charging, detached and dynamic [6,14]. Figure 6 and pre-

sents the possible causes of cell imbalance and their probable solutions. Cell balancing 

topologies can be categorized as active and passive cell balancing [5,6,14]. 
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Figure 6. Reasons for cell imbalances [6,14]. 

9.1. Passive Cell Balancing Techniques 

In this approach, the cells with extra energy are dissipated through resistors until the 

charge equals that of the flatter cells in the pack or relating charge, impacting the overall 

battery life. Passive cell balancing technique is easy to execute, but less effective and 

should not be used during discharging. Shunt resistor cell balancing approach is the most 

simple which can be divided into fixed resistor and control shunt resistor. In the fixed 

shunt resistor method, the current is continuously bypassed and the voltage is limited by 

varying the resistor. In a controlled shunt resistor approach, controlled switches/relays 

are used instead of continuously discharging higher charged cells [35,48]. Table 7shows 

the comparisons of these approaches [7,48,56]. 

Table 7. Comparison of passive cell balancing techniques [7,48,56]. 

Topologies Advantages Disadvantage Applications 
Balancing 

Speed 

Elements 

Needed to Bal-

ance n Cell 

Charge/Dis-

charge 

Fixed shunt re-

sistor 

Simple; low 

cost 

Continuous energy dissipation 

reduces life span; effective for a 

small number of cells only; no 

controlled operation; excess 

heat generation; inefficient 

Appropriate for 

nickel and lead-acid 

batteries low power 

applications 

Satisfactory n resistors Fixed 

Controlled 

shunt resistor 

Simple; relia-

ble; low cost; 

more efficient 

Excess energy diffused as heat, 

so short battery life; energy 

losses coz of high balance cur-

rent; balancing speed is slow; 

useful during charging only 

Appropriate for LIBs; 

low power applica-

tions; suitable for EVs 

when 10 mA/Ah bal-

ancing current 

Good 
n resistors; 

n switches 
Bi-directional 

9.2. Active Cell Balancing Techniques 

The active cell balancing approach uses capacitive or inductive charge flowing to 

move from a high-charge cell’s charge to a low-charge cell. In this way, imbalance between 

cells is adjusted by transferring electrical energy from more crucial SOC cells to lower 

SOC cells with no damage. This method maximizes the battery’s available power and is 

more effective as compared to passive balancing techniques as the surplus energy is 

passed to a low energy cell rather than precipitated [6,13]. Active cell balancing has five 

different topologies as shown in the Figure 7 [6]. 
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Figure 7. Active balancing topologies [6]. 

Cell bypass: In cell bypass, preferably each cell in a battery system has the same func-

tionality, such that they all respond in the same way to several dynamic characteristics. 

Nevertheless, in the application, the actual cell property differs from cell to cell due to 

fluctuations in processing, environmental factors such as the string’s restricted tempera-

ture, or the cell’s changing loss state. Some cells would hold larger rates of self-discharge 

and internal resistances, making voltage variation and heating. Cells avoid equalization 

approaches neglect the cells’ potential that exceeds their highest/lowest voltage, expecting 

the remaining cells to achieve the highest/lowest voltage. [4,6,14]. 

Cell to cell: Cell to cell variations are essential for pack health as they can refer to 

various potentials for the battery packs or restricted deterioration in operation. Cell-cell 

strategies transfer the additional charge collected in the cells to the identical ones with less 

charge collected [6]. 

Cell to pack: In cell-to-box approaches, energy is collected from the multiple charged 

cells and distributed evenly to all cells by the pack connectors. This approach is secure as 

there is no energy damage in the form of heat since the additional charge that induces heat 

is, therefore, spelled from the cell to the extra cells in the case. 

Pack to cell: Pack-to-cell techniques are used to transfer energy from the pack to the 

least charged cell. This system guarantees that the balance charge is sustained during the 

charging period and that no charge is dissipated. It requires lower number of switches, 

but high number of transformers as compared to the cell-to-pack method making the de-

sign complex and costly [5,6,15]. 

Cell pack to cell: Techniques shift energy through the application of both cells to pack 

and pack to cell techniques. In cell to cell, cell to pack, pack to the cell, and cell-pack-cell 

techniques, traditional DC/DC converter topologies appear multifaceted and costly, and 

their performance can be poor. These topologies are usually successful in limiting over-

charging or over-charging of single battery cells, significant for pack protection along with 

durability. This approach has faster balancing speed, but complex and expensive to im-

plement. Table 8 shows the comparison among active cell balancing topologies [5,6,15]. 
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Table 8. Comparison between active cell balancing topologies. Adapted from [6,12,52,53]. 

Category/ 

Topology 
Advantages Disadvantages Cost 

Balancing Speed/ 

Efficiency 

for N-Cells 

Complexity in Con-

trol/Implementation 

For N-Cells 

Cell bypass 

High balancing efficiency; very 

fast and flexible; small size; used 

for low power applications; easy 

to perform; simple to modify 

High current switches; 

decrease battery effi-

ciency during normal 

operation; generally 

used at the end of the 

charge/discharge pro-

cess when effectiveness 

is low 

Low 
high/ 

moderate 

Simple/ 

simple 

Cell to cell 

Moderate efficiency; 

For switched capacitors& induc-

tors (controlling balancing cur-

rent not possible, so slow balanc-

ing speed); For qusia resonant 

scheme (higher effectiveness due 

to soft switching, but slow bal-

ancing speed) 

Bulky; complex control; 

switch network 
Moderate 

moderate/ 

moderate 

High/ 

moderate 

Cell to pack Secure; no energy lost 

Slow balancing speed, 

especially for low volt-

age cells; high cost 

High 
Low/ 

average 

Complex/ 

simple 

Pack to cell 
Relatively simple; good effi-

ciency; fast 

Slow balancing speed, 

especially for high volt-

age cells; complex; 

switch network; high 

isolation voltage of 

DC/DC 

High 
Low/ 

low 

Complex/ 

moderate 

Cell to pack to 

cell 

Faster than the cell-to-pack and 

pack-to-cell, but still slow bal-

ancing speed 

Topologies based on 

DC/DC converters are 

complex & costly; low 

efficiency 

High 
Average/ 

average 

Simple/ 

high 

Table 9 shows a comparison among different active cell balancing techniques. 

Table 9. Comparison of active cell balancing techniques. Adapted from [7,8,12,18,62,63]. 

Scheme/ 

Technique 
Benefits Disadvantages 

Elements Re-

quired to Balance 

n Cells/Balancing 

Speed 

Charge & 

Discharge Strategy/ 

Control Strategy 

Cost/ 

Size 

Complete Shunting 

(Cell Bypass) 

High efficiency; low switch 

voltage stress; negligible 

power loss 

low power applications; 

high switch current stress; 

wide voltage range for 

converters 

4 n switches 

/high 

Bidirectional/ 

medium 
Low/small 

Shunting Resistor 

(Cell Bypass) 

Easy implementation; high 

speed 

low power applications; 

low efficiency 

n resistor 

/satisfactory 
Fixed/easy Low/small 

Shunting Transistor 

(Cell Bypass) 

high speed, less complex; 

easily modular 

Less efficiency; low power 

applications 
medium 

Bidirectional/ 

Medium 
Low/small 

Single Switched 

Capacitor 

(Cell-to-Cell) 

Efficient; low complexity; 

possibility of low and high 

power applications; low 

switch voltage stress; no 

closed-loop control 

Difficult modularity; high 

switch voltage stress; 

highly complex 

1 resistor, 1 capac-

itor, n+5 switches 

/moderate 

Bidirectional/hard High/large 
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Double-tiered 

Switching 

(Cell-to-Cell) 

Lower balancing capacity 

currents; high power appli-

cations; easily modularized 

Relatively low speed; high 

switch current stress 

n capacitors, 

2n switches/satis-

factory 

Bidirectional/ 

Moderate 
High/large 

Cûk converter 

(Cell-to-Cell) 

Lower balancing currents; 

relatively efficient; high 

power applications; low 

switch voltage/current 

stress 

High control complexity; 

low implementation 

n +1 inductors, 

n+1 switches, n − 1 

capacitors 

/satisfactory 

Bidirectional/hard 
Medium/ 

medium 

PMW controlled 

converter (Cell-to-

cell) 

Allows high power applica-

tions; efficient; low-speed 

Complex; relatively low 

switch voltage/ 

current stress 

n inductors, n ca-

pacitors, 

2n switches 

/low 

Bidirectional/ 

hard 

Medium/ 

small 

Quasi-Resonant 

Converter 

(Cell-to-Cell) 

High power applications; 

low switch voltage/current 

stress; high efficiency; sim-

ple implementation 

High control complexity 

n inductors, n ca-

pacitors, 

2n switches/ 

low 

Bidirectional/ 

hard 

high/ 

large 

Shunting inductor 

(Cell-to-Pack) 

High power applications; 

relatively low switch cur-

rent/voltage stress 

Very slow; highly com-

plex; difficult modularity 

N − 1 inductor, 

2n−2 diodes/ 

medium 

Bidirectional/ 

hard 

Low/ 

small 

Boost shunting 

(Cell-to- Pack) 

High power applications; 

efficient; easy modular de-

sign; low switch volt-

age/current stress 

High control complexity high Bidirectional/hard 
High/ 

small 

Multi-secondary 

winding transformer 

(Cell-to-Pack) 

Allows high power applica-

tions; relatively high switch 

voltage stress; low switch 

current stress 

Less efficient; difficult 

modularity; control com-

plexity; limited number of 

cells 

1 winding trans-

former, n+1 induc-

tors, 2 

switches/low 

Charge only/ 

hard 

High/ 

large 

Multiple transform-

ers 

(Cell-to-Pack) 

Allows high power applica-

tions; easily modularized; 

fast equalization speed 

Less efficient; high com-

plexity; 

relatively high switch volt-

age/current stress 

n diodes, 1 switch, 

2n inductors, n 

winding trans-

formers/ 

satisfactory 

Bidirectional/ 

hard 

High/ 

large 

Modularized- 

Switching trans-

former (Cell-to-

Pack) 

High power applications; 

relatively highly modular; 

low switching voltage/cur-

rent stress 

High control complexity; 

less efficient 
Low 

Bidirectional/ 

hard 

High/ 

large 

Voltage multiplier 

(Pack-to-Cell) 

High power applications; 

high efficiency; modular 

High switch voltage/cur-

rent stress 
high Bidirectional/easy 

low/ 

moderate 

Full-bridge con-

verter (Pack-to-Cell) 

High efficiency; easy modu-

larity; high power applica-

tions; low switch volt-

age/current stress 

High control complexity 

n capacitors, 4n 

switches/ 

high 

Bidirectional/ 

hard 

High/ 

large 

Multiple transform-

ers (Pack-to-Cell) 

High power applications; 

low complexity; fast equali-

zation speed 

Slow; expensive; less effi-

cient 

n diodes, 1 switch, 

2n inductors, n 

winding trans-

formers/satisfac-

tory 

Bidirectional/ 

hard 

High/ 

large 

Multi-secondary 

windings trans-

former 

(Pack-to-Cell) 

High power applications; 

high speed/ 

implementation; low switch 

current stress 

Less efficient; control com-

plexity; difficult modular-

ity 

1 winding trans-

former, n+1 induc-

tors, 2 

switches/low 

Charge only/ 

hard 

High/ 

large 

Switched trans-

former 

(Pack-to-Cell) 

High power applications; 

low switch voltage/current 

stress; fast equalization 

speed 

Less efficient; high 

control complexity 

n +3 switches, 1 

transformer/high 
Bidirectional/hard 

High/ 

large 
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PMW controlled 

Converter (Cell-to-

Pack-to-Cell) 

high power applications; 

high efficiency 

/speed/implementation 

Less speed; relatively high 

switch voltage/current 

stress; high control com-

plexity 

n inductors, n ca-

pacitors, 

2n switches 

/high 

hard High/large 

Single switched 

Capacitor (Cell-to-

Pack-to-Cell) 

high efficiency; low switch 

voltage stress; applicable in 

high power applications 

Low balancing speed; high 

control complexity 

1 resistor, 1 capac-

itor, n+5 

switches/low 

Bidirectional/hard 
Medium/ 

small 

Single switched in-

ductor  

(Cell-to-Pack-to-cell) 

high efficiency; low switch 

voltage stress; applicable in 

high power applications 

Slow balancing speed; in-

creased complexity 

2n switches, 

2n− 2 diodes/ 

low 

Bidirectional/hard 
Medium/ 

medium 

Bi-directional multi-

ple 

transformers 

(Cell-to-Pack-to-Cell) 

Allows high power applica-

tions; easy modularity 

Less efficient; relatively 

high switch voltage/cur-

rent stress 

n diodes, 1 switch, 

2n inductors, n 

winding trans-

formers 

/satisfactory 

Bidirectional/hard High/large 

Bi-directional multi- 

secondary windings 

transformer 

(Cell-to-Pack-to-Cell) 

High power applications; 

relatively high speed/imple-

mentation; low switch cur-

rent stress 

Less efficient; complex 

1 winding trans-

former, n+1 induc-

tors, 2 switches  

/medium 

Bidirectional/hard High/large 

Bidirectional 

switched Trans-

former 

(Cell-to-Pack-to-Cell) 

Relatively high speed; al-

lows high power applica-

tions; low switch cur-

rent/voltage stress, and 

modularity 

Less efficient; complex 

n+3 switches, 1 

transformer/ 

medium 

Bidirectional/hard High/large 

The next section presents the comparison between active and passive cell balancing 

by doing modeling and simulation. 

10. Comparison between Passive and Active Cell Balancing 

Active cell balancing exploits all the stored energy and maximizes the useable capac-

ity of the battery with no loss of energy which does not happen in passive balancing meth-

ods. This approach is better for high cycle applications or when minimum losses are re-

quired. This approach also enhances the battery lifetime and capacity as compared to pas-

sive balancing. However, this approach requires extra components which increase balanc-

ing time, cost and unreliability [51,64]. As an example, assume that a battery pack has 

three cells X,Y, and Z having SOC levels at 85%, 75%, and 65%, respectively, before bal-

ancing. In case of passive cell balancing, energy will be dissipated from high SOC cells 

and all the cells will reach to same level of SOC as the lowest cell, i.e., cell Z (65%). This 

process reduces the overall system efficiency. In case of active cell balancing, energy will 

be shared among the cells by transferring the energy from higher cell X to lower cell Z, 

and thus the cells will acquire an equal SOC of 75% [16]. Figure 8 shows the comparison 

of these topologies [33]. 

 

Figure 8. Comparison between active and passive cell balancing [33]. 
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10.1. Modeling of a Cell Balancer 

A simulation was designed using MATLAB to develop the viability of an active bal-

ance device that can transfer energy from one cell to a bunch of cells. This simulation 

required examining the cell performance from a strict point of view of energy transfer and 

determining a balanced algorithm’s possible faults. This simulation is designed with 

eight-cell battery packs, can loop the system under a constant current level or a continuous 

power mode, uses a lithium-ion charging and discharge curve data structure, and can be 

worked with or without the balancing function. In Figure 9 [22], the configuration of the 

planned fly back balancer is shown. The primary side is connected to the entire stack of 

cells, and through a diode, each battery cell is associated with the secondary windings. 

 

Figure 9. Active Flyback Based Balancing [22]. 

The secondary is such that, concerning the primary winding, their polarity is the op-

posite. When the key switch is switched on, the MOSFET, the energy is collected as a 

transformer flux [22,23]. It is unnecessary to move the energy collected to the secondary 

since the diode is reversed bias. The energy will be transferred to the secondary side in 

the following phase when the switch is switched off. Flyback is commonly used in power 

supplies, has a low price, and high-performance [65]. The additional benefits are that the 

primary and secondary sides are distributed, and multiple outputs and a positive range 

of negative outcome voltage can be provided. To properly follow the circuit, let us recog-

nize that the MOSFET is working on two modes: when it is turned ON and the other time 

wherein it is turned off, so the voltage in the primary inductor is given by: 

��� = �������� (12)

�(��) = �. �� (13)

Here, Tp is called the period, and D is called the duty cycle for the primary current, 

which we can calculate as: 

��� =
��������

�
 .  ��� (14)

For the next mode, which is when the MOSFET is turned OFF, the primary voltage 

will become: 

��� =
−������

�
+

−������

�
+ ⋯ +

−������

�
 (15)

Here, n is called the duty ratio and m is the number of cells. So: 

�(���) = (1 − �) .  �� (16)

The primary current during the OFF time can be written as: ��� = 0. 
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Now introducing the volt-time, the second rule, the transfer function can now be 

written as: 

�(��) .  ��� = �������� .  � .  �� (17)

�(���)  .  ��� = −
������

�
(1 − �) .  �� (18)

From the last two expressions, we can write: 

�������� = � .  
�

1 − �
 . ������ (19)

Now to measure the primary current, first the output power can be calculated as: 

���� = ���� . ����  (20)

Now, if we consider that all the switches and the diodes used are ideal, we can say 

that their efficiencies would be 100%. From which we can conclude that the input and the 

output power are equal: 

��,��� =
���

��������
 (21)

So, to find the primary inductance, the usual equation for the inductor voltage can be 

written as: 

� = �.
��

��
 →  �� =

�

��
��  (22)

and therefore: 

�� =
��������

�
. ���, (23)

where: 

��� =
�

�
 . (24)

The flow chart in Figure 10 demonstrates the design algorithm for the eight-cell bat-

tery pack.  

 

Figure 10. Flow chart of the algorithm. 
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To understand this algorithm’s working, the SOC of the battery pack is predeter-

mined in the system. To balance all the cells in the battery pack, the system will learn the 

SOC of each cell in the battery pack, and it will compare them with the reference cell volt-

age to balance them. If it fails to run normally, it will stop the system from protecting the 

vehicle from damage. If it runs normally, the system will estimate the charge of each cell, 

and it will charge or discharge the battery pack. The battery with an upper charge will 

discharge in terms of charging the batteries with a lower charge using switches. The sys-

tem will balance in the nominal condition in terms of protecting the vehicle from damages. 

10.2. Simulation of Active and Passive Cell Balancer in Simulink 

In this work, a comparative simulation is performed between active and passive cell 

balancing techniques using MATLAB/Simulink. The prototype in Figure 11 demonstrates 

active cell balancing utilizing MATLAB/Simulink. In this procedure, eight cells are con-

nected in series as a battery pack. The purpose is to make each cell SOC equal by applying 

the cell balancing technique—the initial voltage of batteries is assumed 7.2 voltages for 

each cell in the system. The design model consists of a linear transformer, diodes, 

MOSFET, MATLAB function, current and voltage measurement, scope, display, capaci-

tor, and pulse generator. 

 

Figure 11. Active cell balancing using Simulink. 

In the beginning, the SOC of each cell is assumed 80%, 60%, 40%, and 20%, respec-

tively, to all the cells in the battery pack. To make the eight-cell battery SOC, the same 

active cell balancing technique is applied. Each cell in the stack is with 7.2 nominal voltage 

and 5.4 rated voltage. As mentioned above, the batteries in the stack are at a different level, 
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with each cell response time assumed at 30 s. Eight cell battery stacks are made by con-

necting cells in series. This model’s design is based on the flyback cell balancer, and four 

linear transformers are used. The primary side of those linear transformers is connected 

to the entire stack of cells, and through diodes, each battery cell is associated with the 

secondary windings. The secondary is such that their polarity is the reverse in terms of 

the main winding. 

The energy is stored as a transformer flux when the main switch, the MOSFET, is 

turned on. Since the diode is reverse bias, it is pointless to transfer the energy obtained to 

the secondary. When the switch is turned off, the energy can be shifted to the secondary 

side in the following process. A MATLAB function is derived from following the design 

algorithm to balance the battery arrangement SOC using MOSFET. The design algorithm 

will operate the switching to charge the cell with low-level charged batteries in the pack 

from the system’s highly charged batteries. The batteries are connected to the bus selector 

to observe the output voltage, current, and the SOC from the eight-cell battery arrange-

ment. This quantity can be analyzed from the scopes connected respectively. These quan-

tities are also seen on display for real-time observation of the battery pack. In general, the 

batteries with a high level of charge will charge the batteries with less charge, and this can 

be continued till it balances the charge concerning the cells in the stack. 

Figure 12 demonstrates a passive cell balancing circuit diagrams. Twelve volts and 

2.6AHh are in the battery pack. It is composed of eight series-connected lithium-ion cells. 

Through IGBT, every cell is connected to the load resistance. The initial state of charge of 

a lithium-ion cell is assumed different for several cells in the pack. The SOC of each cell is 

different. The above model consists of several components: a resistor, IGBT, lithium-ion 

cell, MATLAB function, display, Bus selector, and scope. The state of charge value is given 

to the MATLAB function, where the code is compiled, comparing each cell’s state of 

charge. This system’s working is not very complex as it basically reduces the charge of the 

cells with high SOC to the lowest cell to balance it. The charge is dissipated in the form of 

heat. The algorithm designed for this cell balancer will compare the SOC between all eight 

cells, and the lowest charged battery cell will be taken as a reference to equalize the cell 

arrangement. 
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Figure 12. Passive cell balancing using Simulink. 

Cells are connected with IGBT; it is utilized as the switching device. When the SOC 

of all the eight cells is equaled, it will turn off, and the circuit will open. The resistor con-

nected to the cells is required to resist the extra charge from the cells with more charge. 

Each resistor in the model has measured 3 Ohm resistance across the battery stack. Bus 

selector is interconnected to the batteries to observe voltage and current of the system. 

Furthermore, the developed passive cell balancer is simulated and the results are dis-

cussed as below. 

The work has investigated the active and passive cell balancing by using a flyback 

converter.  

Figure 13 and Figure 14 shows the graphs between voltage (volts) and time (seconds) 

and between current (Ampere) versus time (s) for active cell balancing technique, respec-

tively, while Figures 15 and 16 show current and voltage graphs for passive cell balancing 

technique, respectively. 

There are eight cells connected in series to form a battery pack and explore the cell 

balancing techniques. The graph basically depicts the value of current and voltage at a 

particular value of SOC, so with time the value of SOC decreases and so as the value of 

current and voltage changes. As seen from the Figure 13 of active cell balancing, all the 

different cells have different voltages. One of them has the highest voltage such as cell 5 

and the other one with the lowest such as cell 8. So, when the circuit is simulated for 400s, 

it can be seen that the cell with the highest voltage is discharging and the cell with the 

lowest voltage is getting voltage back from the transformer. At a point of time, all the 

different voltages will be balanced and once that is achieved (which is approximately at 

500s), all the voltages will be discharged simultaneously. Similarly for Figure 14, it can be 

seen that the value of the current slightly decreases as we run the simulation for 400s. 
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Figure 13. Active cell’s voltage waveforms—Voltage (volts) vs. Time (seconds). 

 

Figure 14. Primary current waveform in steady state for active cell balancing—Current (Ampere) vs. time (s). 
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Figure 15. Primary current waveform in steady state for passive cell balancing—Current (Ampere) vs. time (s). 

 

Figure 16. Voltage waveform in steady state for passive cell balancing—Voltage (volts) vs. time (s). 

Now when we compare it with the passive cell balancing voltages in Figure 16, dur-

ing the ON state, the charge with the more capacity will discharge first until it reaches the 

state wherein both the cells have been balanced. As seen from the Figure 16 for the passive 

cell balancing, when the time is set to 500s the graph of the voltage goes down. The cell 

with the maximum voltage will decrease the most wherein the cell with the least voltage 

will decrease lot less as compared to the other one which is more obvious at 1000s. When 

the run time is increased up to 2000s, there will come a point wherein all the eight cells 
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will be balanced at approximately 3.82 volts and the discharge would take place simulta-

neously. The cells in passive balancing technique also show transient conditions around 

1500s before they are balanced. Similarly, the Figure 15 shows the changes in current with 

respect to time accordingly. In passive cell balancing, we are using IGBT instead of 

MOSFET. 

Now, based on our comparison between active and passive cell balancing, we found 

out that active cell balancing is much better and efficient as compared to passive cell bal-

ancing because active cell balancing stores energy in the transformer during the ON time 

and transfer it to the secondary during the off-time and suspend the cell while in the pas-

sive cell balancing, the energy stored in the section is discharged until the cell is balanced. 

Based on all the above results, we can conclude that active cell balancing is better than 

passive cell balancing. From the above experimental findings, we can see that the pro-

posed cell balancing circuit can effectively balance the energy between cells and increase 

the battery pack’s lifespan. 

The other method that can be used for balancing is called the forward converter 

method, which is less efficient than the flyback converter technique because it requires a 

supplementary circuit, RCD snubber, or an auxiliary winding to reset the core of the trans-

former. So, the flyback converter method requires just one switch to control all the cells 

on the primary and diodes at each cell’s output. There is a MOSFET used in this converter, 

and its main aim is to switch the frequency. The transformer has three sections with a 

saturable core. The leading feature of a flyback is that it will store all the energy in the 

transformer during the ON time, and when the system is OFF, it will be transferred to the 

secondaries. Here, when compared in both the flyback and the forward converter, a fly-

back’s advantages are that it does not require a reset winding on the primary end and not 

an additional diode and inductor on the secondary side. So, fewer components are needed 

for it, and it is effortless to implement. 

11. Conclusions 

Batteries are the heart of EVs. However, battery management is a major challenge for 

the widespread usage of EVs due to their safety, cost, and battery life issues, etc. This work 

comprehensively reviews different aspects of battery management system as compared 

to the existing works which discuss one or two aspects only. The work comprehensively 

describes different kinds of functions/features, requirements, BMS topologies, battery 

models and their comparisons as a contribution. Similarly, a comprehensive discussion of 

different challenges and recommendations to address those challenges has been presented 

as another contribution. These recommendations propose future trends of BMS empha-

sizing on advanced battery models, hybridized intelligent algorithms, advanced prognos-

tic approaches, efficient prototype design, universal BMS, and BMS virtualization ap-

proaches, etc. Another contribution is the comprehensive comparison of different cell bal-

ancing techniques. Modeling of a cell balancer and comparison of active and passive cell 

balancing techniques with an eight cell battery pack by using MATLAB/ Simulink is also 

presented. The result shows that the energy can be balanced efficiently by active cell bal-

ancing technique and lifespan of the LIBS can be increased effectively further enhancing 

the efficiency of the EVs as compared to passive cell balancing. 

This work has emphasized that BMSs are still in an early stage and still have many 

challenges, even when employing state of the art algorithms and using advanced mod-

els/approaches. Safety management, high-efficient operations and reliable maintenance 

are still the big challenges for the future EVs as BMS has to perform many sophisticated 

functions in real time to manage complex nature of batteries, deal with harsh environ-

ments and fulfill the requirements of future EVs, etc. The work makes it clear that it would 

be very difficult for EVs to become a widespread option of the community until existing 

challenges are addressed and advanced BMSs are designed. Overall, the work provides a 

comprehensive discussion, analysis, and recommendations which would also be very 

beneficial to automobile engineers and EVs manufacturers. 
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