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Abstract: Electric cars have evolved into a game-changing technology in recent years. A Battery  

Management  System (BMS) is  the most significant aspect of an Electric Vehicle (EV) in the automotive 
sector since it is regarded the brain of the battery pack. Lithium-ion batteries have a large capacity for 
energy storage. The BMS is in charge of controlling the battery packs in electric vehicles. The major role of 
the BMS is to accurately monitor the battery’s status, which assures dependable operation and prolongs 
battery performance. The BMS’ principal job is to keep track, estimate, and balance the battery pack’s cells. 
The major goals of this work is to keep track of battery characteristics, estimate SoC using three distinct 
approaches, and balance cells. Coulomb Counting, Extended Kalman Filter, and Unscented Kalman Filter 
are the three algorithms that will be implemented. Current is used  as  an input parameter to implement the 
coulomb counting method. In contrast to voltage and temperature, the current value is taken into account by 
the Extended and Unscented Kalman Filters. To calculate the state transition and measurement update 
matrix, these parameters are considered. This matrix will then be used to calculate SoC. Results of all the 
algorithms will be comparatively analyzed. 

MATLAB R2020a software is used for the simulation of different algorithms and SoC calculation. Three 
states of BMS are considered and they are Discharging phase, the Standby/resting phase, and the Charging 
phase. At the beginning of the Simulation, the SoC values of the cells were 80%.  At the end of simulation 
maximum values of SoC of Coulomb counting, Extended Kalman Filter (EKF), and Unscented Kalman Filter 
(UKF) reached are 100%, 98.74% and 98.46% respectively. After SoC Estimation, Cell balancing is also 
performed over 6 cells of the battery pack. 

 
 

Keywords: Electric Vehicle (EV), State-of-Charge (SOC), Unscented Kalman Filter (UKF), Extended 

Kalman Filter (EKF), Battery Pack Current, Coulomb Counting (CC), State-of- Health (SOH), Battery 
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1. Introduction 

 
The electrifying of transportation systems and the need to make electric products portable are driving up global usage   of 

electric batteries, that will account for the great majority    of battery needs in terms of total power storage. With the 

increasing demand for batteries, the level of quality must be sustained. Several factors influence battery performance, 

including ambient temperature, charging, and battery composition. The state of charge (SoC) of a battery is 

acknowledged as a critical metric. Its correct estimation can lengthen the battery’s life cycle, improve battery 

performance, and improve the system’s safety and dependability. It’s indeed, however, impossible to estimate SoC 

directly. The fundamental issue    is that direct calculations are erroneous due to the console’s nonlinearity, temperature, 

and time-dependent properties of the battery. Different techniques have been created to quantify SoC, and researchers all 

around the globe are continually working on new approaches. The state of charge (SoC) and cell balance are critical 

indications for determining a battery’s usefulness and capabilities. The SoC and Cell balancing work together to offer a 

state of function, a battery overview, and a comprehensive perspective of the pack’s capabilities. Along with these 

indicators, Cell balancing and Charge limit calculation is also important factors in case of battery health and efficient 

performance.
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2. Battery Management System 

 

In electric and hybrid cars, the Battery Management System is crucial to attaining battery performance and extending battery 

life. Electric vehicles have become more popular as     a result of government regulations limiting CO2 emissions and encouraging 

emission-free transportation. Electric vehicles’ primary drawbacks include restricted driving range, high price, battery difficulties, 

and inconsistent charging. Lithium- ion batteries were introduced to solve this problem. Battery packs have been embraced for 

mobile electronic gadgets and electric cars due to high efficient energy densities. They’ve become more popular in a variety of 

applications, including small mobility vehicles, trucks/buses, and industrial gear. The inappropriate utilization of battery leads to 

electric shock and fire. A Battery Management System (BMS) is necessary to use battery packs effectively and safely. 

A BMS may be thought of as the brain of a battery pack, monitoring pack current, cell voltage, cell temperatures, and determining 

available energy throughout the cells, state of charge (SOC), and status of health (SOH) in order to maintain cells within safe operating 

limits and extend cell life. The increased reliance on battery packs for power storage has highlighted the significance of battery 

management systems (BMSs) that can assure optimal performance, reliable handling, and long lifespan under a variety of charge-

discharge and atmospheric circumstances across sectors. Engineers create feedback and supervisory control algorithms to construct a 

BMS that meets these goals. Keep an eye on the voltage and temperature of the cells. 

The proposed BMS model in this paper has two major components namely BMS Controller and Battery plant. The battery plant has 

a 6 cells module, pre-charge circuit, charger, and inverter.  Along with this, BMS Model is composed of       a charge limit block, state 

machine, SOC estimation block,  and cell balancing circuit model.  The  battery  parameters  like input and output current for  each  

cell,  cell  voltages,  cell temperatures and pack current values are extracted from the battery module through the appropriate sensors. 

These parameter values will be given to the controller as inputs. Taking these inputs, the controller calculates the input and output charge 

limits, provides the SOC information to the user, and also sends the cell balancing command to the battery plant. 

 

 

 

 

Figure 1. BMS Model overview [3] 

 
The BMS Model overview with inputs and outputs is depicted in Figure 1. 

                                   

                             3. State-Of-Charge Estimation 

 

The proportion of charge existing inside a rechargeable battery is known as the State-of-Charge (SoC). The discharge rate and temperature 

have an impact on the State of Charge. The SOC is a percentage assessment of the amount of available charge in a battery at a given 

moment in time and expressed it in %. The SOC tells the user how long the battery may last before it has to be charged or updated. 

Battery parameters such as temperature and voltage may be directly monitored using proper instruments. Because of its non-linearity, 

SOC cannot be calculated directly and must be estimated. Because there is no appropriate sensor to measure the state of charge, it is 

difficult to calculate. SOC is a state parameter that varies dynamically throughout time. As a result, a variety of mathematical and analytical 

methods have been developed and are being used. As a result, a variety of mathematical and analytical meth- ods have been developed  

and  are  being  used.  The  charge of a battery degrades when the active material on the elec- trodes wears away. Coulomb Counting, 

Unscented Kalman Filter(UKF), and Extended Kalman Filter(EKF) are the sug- gested SOC estimation methods in this study. 
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A. Coulomb Counting Method 

Ampere-hour counting and current integration are other names for this procedure. This is also the most frequent method for 

calculating  the  SoC.  To  determine SoC values, it uses battery current data that have been mathematically integrated over time. 

The remaining capacity is then calculated using the coulomb counting method, which accumulates the charge moved in and out 

of  the  battery.  The  accuracy  of this approach is mostly determined on a precise measurement of the battery current and a 

precise estimate  of the initial SoC. The State-of-Charge of  a  battery  may  be  computed by integrating the charging and  

discharging currents during the working periods with a known capability, which may be originally determined by the operating 

parameters. During the charging and discharging processes, heat is lost. In addition to self-discharging, these losses result in 

accumulated mistakes. These aspects should be considered for a more accurate and exact SoC assessment of the battery. 

Furthermore, the SoC must be re-calibrated on a regular basis, and the decline of the discharging charge should be taken into 

account with a more precise estimation. To solve the drawbacks of the coulomb counting approach and increase its estimation 

accuracy, an upgraded coulomb counting technique has been devised for calculating the SoC. As a result, the SoC estimation 

becomes more exact and accurate. The proportion of the releasable regarding sustainability to the nominal battery is the state 

of charge. 

 

B. Extended Kalman Filter 

 

The Kalman filter is a method for estimating a battery’s SoC. It may also be utilised to figure out what a dynamic system’s inner states 

are. Under process and measurement noise, the Kalman filter provides an efficient state estimator for linear systems. The Extended 

Kalman filter is a nonlinear system’s version of the Kalman filter. Extended Kalman filter linearizes functions based on their mean and 

covariance. There are two phases to the estimating process. The initial step is to update the time in order to estimate the states. This type 

of estimating is referred to as a priori estimate. The states from the previous iteration, an input signal sample, and the process covariance 

matrix are used as input signals in this stage. The second stage is to update the measurement, which is done through feedback. This stage 

is known as a posteriori estimate and is symbolised by the carat symbol. It employs inaccuracy in calculating output signal to correct a 

priori prediction of the states. 

 

C. Unscented Kalman Filter 

 

The Unscented Kalman filter, unlike the EKF, doesn’t really linearize state-space equations. Instead, it uses a nonlinear Unscented 

Transformation (UT), in which the mean and error covariance are computed and updated repeatedly, to produce sigma points for states. 

All sigma points are then transmitted via nonlinear model functions, providing an a priori approximation of the states and output signal. 

Depending on their statistics, the mean and covariance of those variables are determined [5]. 

 

4. Cell Balancing 
 

                                                               
Figure 2. Balancing of cells with different states of charge. 

 

 

 

Cell balancing is a critical feature of every BMS since it ensures that each cell has the same amount of charge and so maximizes the 

overall energy available in the pack. The energy of the entire battery pack is restricted by the block with the lowest charge. All blocks 

require equal amount of charge in order to supply its maximum energy capacity. As shown in figure 2, battery pack capacity is limited 

to the weakest cell (figure a), A pack for balancing (figure b), after recharging the balanced battery pack, the total capacity available 

(figure c). 

The circuit to illustrate the passive balancing is shown in the Figure 3 Passive balancing approaches work by removing charge from 

the highest cells until the charge of the lowest cells is equal. This is accomplished by discharging the extra charge through resistors that 

are switched by transistors in their active state. Methods for passive balancing can be used in two ways. The first method is to use a 

fixed shunt resistor [7], and the second method is to use a controllable shunt resistor [10]. Although it does not appear to be as elegant 
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as active balancing since energy is spent in heat, there are number of reasons why this technique has become the preferred method of 

most BMS, including: Simple design, low-cost parts, simple installation, and expandable design. Passive balancing [11] can be used 

with a cooling system to maintain the battery pack temperature under control. 

 

 

 

                                                               

                                                         Figure 3. Passive Balancing using resistors to dissipate additional energy 

 

 

  

                                                                                               Figure 4.   Lithium Cell 

 

 

                 5. Simulation 

In this section, simulation of SOC estimation and cell balancing is discussed. A battery pack of 6 lithium cells is considered for 

the process. A typical lithium cell configuration is shown in fig 4. Using this cell configuration, the battery parameter like Voltage, 

Current and temperature of each cell  is extracted using appropriate sensors. The 6 cells configuration is shown in fig 5. This 

model shows a single battery module. A single battery module consists of six individual cells connected in series. The reason for 

making these modules is  to  increase  the  efficiency  of the system and to simulate different configurations. It can be observed 

that each cell is equipped with an individual thermal element that gives out the temperature of the individual cells. Along with 

the temperature, voltage and current are also  noted of each cell. This helps to calculate SoC accurately and reduces the chances 

for junk value. The State of Charge estimation is done using three meth- ods namely, the Coulomb Counting method, the 

Unscented Kalman filter & the Extended Kalman Filter. In Coulomb Counting method current and temperature from the battery 

plant is given as inputs, whereas Kalman filters accept cell voltages as inputs and predict the SOC values. The CC configuration 

is shown in fig 6. Coulomb Counting method basically deals with the current owing out of the cells to calculate SoC. This could 

be illustrated with the expression  given in equation 2. The two versions of the Kalman filter are shown in fig 7. Both versions are 

modeled in Simulink R2020a. Cell voltages. 

 

 

Journal of University of Shanghai for Science and Technology ISSN: 1007-6735

Volume 23, Issue 6, June - 2021 Page -808



 

 

 

 

                                                                        Figure 5. Six cells battery pack 

 

 

 

                                                            Figure 6. Simulink Model of Coulomb Counting method 

 

 

are given as input to them. The non-linear Kalman filter versions Extended Kalman Filter and Unscented Kalman Filter 

rely on the unit cell model to forecast a terminal voltage arising from a current input, thus predicting the internal cell 

states. Both the methods have two common steps involved    in estimating SoC: State update and Measurement update. 

Both the methods take cell voltage, state transition function, and measurement function as input. Similarly, state transition 

and measurement function take previous SoC, temperature, and current to evaluate the block result. All the outputs are 

transferred from the output port to the BMS info port. 

 

 

 

 
 

                                                   Figure 7. Simulink model of Kalman Filters (UKF & EKF) 

 

 

current are shown graphically and the values are tabulated in the following subsections. Also, the comparison of three SOC 

estimation methods and cell balancing results are discussed. 
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6. Results and Analysis 

 

After Simulating the BMS model, the battery parameters such as cell voltages, cell temperatures, and battery pack. 

 

A. Cell Voltages 

 
 

 
                                                                                           Figure 8.   Cell voltages 

 

Figure 8 shows the voltage across each cell of the battery pack will be exactly the same during any mode of operation. The current 

flowing in and out  of  the  battery  causes  the  cell voltage to fluctuate. Because the model is set up with a slight SoC imbalance 

and the BMS is in discharge mode, cell voltages are slightly fluctuating at the start of the simulation. As a result of the balancing, 

the values converge towards one another at the end of the simulation. The Table 1 gives a detailed description of graph. 

During Discharging phase the Cell voltage of the battery  pack gradually decreased from 3.8V to 3.48V. During Standby Cell 

voltage is showing 3.6V. When BMS is at the beginning of the Charging phase then the Cell voltage starts increasing. 

 
Table 1. Cell Voltages Based on BMS States 

 

Serial no. State Obtained 
Voltage[V] 

1 Beginning of 
Discharge 

3.8 

2 End of 
Discharge 

3.48 

3 During Standby 3.6 

4 Beginning of 
Charging 

4.021 

5 End of Charging 4.171 

6 Max. Voltage 
Value 

4.208 

 

 

B. Cell Temperature 

When the battery is charging or discharging, the temperature generated in the Battery model is roughly proportional to the 

current through it. The temperature traces reflect a massive variation between the hottest and coldest cells. Figure 9 shows the cell 

temperatures of the battery pack based on BMS states accordingly. Because it is thermally insulated on one side, cell 1 gets 

considerably hotter than cell 6. Active thermal regulation is preferred due to the significant temperature difference between the 

edge cells. Table 2 gives a detailed description of the graph. 
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                                                                          Figure 9. Cell temperatures 

 

 

 
 

Table 2: Cell 1 Temperatures Based on BMS States 
 

 

Serial no. State Obtained 
Temperature[K] 

1 Beginning of 
Discharge 

288.1 

2 End of 
Discharge 

297.1 

3 During Standby 295.7 

4 Beginning of 
Charging 

297.3 

5 End of Charging 297.6 

6 Max. Temperature 
Value 

302.8 

 

 

 

C. Pack Current 

 

 

                        

Figure 10. Battery pack current 
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Fig 10 shows the variation of cell current in different modes of BMS. The current limit is calculated based on the maximum 

resistance of the battery cell. Initially, the current fluctuates during the discharge state due to variation of factors across load. 

During standby state, the graph goes to zero. Then later during the charging state the current increases and reach its peak value as 

cell voltage reaches its maximum value. With the help of a built-in current limiting circuit, the current decreases, and a sudden 

increase of current is avoided. The Table 3 gives a detailed description of graph. 

 

 

 
Table 3: Cell Current Based on BMS States 

 

Serial no. State Obtained 
Current[A] 

1 Beginning of 
Discharge 

           0 

2 End of 
Discharge 

-19.16 

3 During Standby 0 

4 Beginning of 
Charging 

30 

5 Median of Charging 10.28 

6 End of Charging 0 
 

 

 

 

D. State of Charge (SOC) 

 

 
 

                                                                      

                                                     Figure 11. State of Charge 

 
In Fig 11 the graph shows the tracks of three different SoC methods that are used in our work. The yellow colour track  indicates 

the Coulomb Counting method, the Blue one is of the Unscented Kalman filter, and the orange trace indicates the SoC estimation 

of the Extended Kalman filter. At the beginning of discharging phase, the SoC value of cells is 80%. As the BMS state proceeds 

to the Standby state then SoC values of cells vary for different methods. It can be concluded that EKF is more accurate and precise 

in estimation. Table  4  gives a detailed description of the graph. EKF performed better than the UKF by recovering from the 

initial error. 

 

 

Table 4: Comparison of Soc Estimation Methods Based On BMS States 

 

Serial no. State Coulomb 
Counting[%] 

EKF[%] UKF[%] 

1 Beginning of 
Discharge 

80 80 80 

2 End of 
Discharge 

52.96 49.31 48.1 

3 During Standby 52.45 48.7 43.6 
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4 Beginning of 
Charging 

60.3 56.5 55.5 

5 End of Charging 100 98.62 98.46 

 

 

 

 

 
E. Cell Balancing 

Cell balancing is a very important factor in BMS. Fig 12 depicts the cell balancing function of the BMS. The traces of  6 cells 

are is shown in the graph. 

 

 

 
Figure  12.   Cell balancing 

 
F. BMS State 

The Complete simulation of BMS is divided into three states as shown in Fig 13, they are 

• Discharging 

• Standby 

• Charging 

 

                                                                                                      Figure 13.   BMS State 

 

All the output graphs are plotted with reference to these states only. First, the BMS goes into discharge state then standby state 

later and finally goes into Charging state. Almost all the parameters measured are unstable during the discharge state and become 

zero or low during the standby state and during the charging state the graphs try to attain a stable state with time. 

 

                                 7. Conclusion 
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The BMS Cell voltage, cell temperature, Cell balancing and SoC estimation is performed using MATLAB. Comparison of the 

three algorithms is done with the help of output graphs simulated in Simulink Scope viewer.  From the SoC graph, we can see that 

the initial SoC value of the battery pack is 75%, but the Estimators were initiated to 80% to evaluate their potential to recover.  At 

the end of the charging state, the maximum values of SoC of Coulomb counting, EKF, and UKF reached are 100%, 98.74%, and 

98.46% respectively. Practically SoC can’t reach 100% but from the values obtained, coulomb counting has reached 100% due to 

the accumulation of error from the current sensor as it is an open loop method. Whereas two versions of the Kalman filter are 

closed-loop and did not reach 100% by eliminating the error. It can be observed that UKF recovers from the error much earlier 

than EKF by dropping to a minimum value of 48.7% and retains it until standby mode is finished. Whereas EKF drops to a 

minimum value of 47.6%, thereby taking more time to recover from    the error. It can be concluded that Extended Kalman Filter 

estimates more accurately in the discharging phase, while over a substantially extensive range of SoC values, EKF gives a finer 

SoC estimation. 
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