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Abstract

Cell balancing is one of the crucial tasks of the battery management system

(BMS) within an electric vehicle (EV) to enhance the battery’s performance.

This research focuses on developing a non-linear model predictive control

(NMPC) to actively balance multiple cells connected in series in the battery

pack of an EV. The goal is to improve EV range by formulating NMPC prob-

lem employing high-fidelity models of balancing currents and power losses for

buck-boost converter based active cell balancing network. Moreover, the sta-

bility of the generalized N serially connected cells is demonstrated by utilizing

Lyapunov theory. Similarly, various cost functions are incorporated into the

NMPC framework, and a thorough statistical analysis, using a comprehen-

sive dataset, is conducted. The impact of driving conditions, NMPC’s cost

functions and initial state of charge (SoC) levels on the EV’s range, balancing

time, and power losses is evaluated. Upon balancing under NMPC frame-

work, the comparision with no-balancing scenario demonstrates a maximum

range increase of 39.2 km, and a minimum increase of 17.4 km in certain

drive cycles; whereas an average increase of 28.9 km is achieved for all drive



cycles.

Keywords: Electric vehicles, Lithium-ion batteries, range extension, active

cell balancing, nonlinear model predictive control

1. Introduction1

Electric vehicles (EVs) can play a prominent role in addressing concerns2

related to energy and pollution by reducing fuel expenses and eliminating3

harmful emissions [1]. In this regard, a battery management system (BMS)4

is incorporated to ensure that EV’s battery gives optimal performance by5

keeping homogeneous operating conditions across the battery pack. Among6

others, BMS primary functionalities include monitoring and regulating crit-7

ical battery parameters such as voltage, current, temperature, and state of8

charge (SoC), etc.9

One of the immediate concerns, especially from the end user’s perspec-10

tive, related to EVs is the issue of range anxiety. There are multiple reasons11

underlying this; however, charge imbalance among cells is a foremost factor12

that is addressable by BMS. The issue of cell-to-cell imbalance arises in series13

connected cells where the full depletion of any single cell’s charge causes the14

string to shut down. If not addressed, the issue of cell imbalance can lead15

to persistent degradation of the battery pack. To overcome this, cell balanc-16

ing can play a crucial role. This can be achieved by two main approaches:17

passive and active cell balancing (ACB) [2]. ACB is preferred over the pas-18

sive approach, as it reduces the energy losses by including power electronic19

devices, which act as intermediate energy storage components.20

Evidently, ACB is usually achieved within a closed-loop framework, em-21
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ploying techniques from both classical and contemporary classes. In this22

regard, model predictive control (MPC) has emerged as a viable technique23

in the ACB paradigm. This is primarily due to the fact that MPC can han-24

dle multiple conflicting objectives, tackle nonlinear and coupled systems, and25

respect constraints on plant inputs and outputs [3]. However, these diverse26

functionalities imply that there are multiple design parameters-appropriate27

choice of cost function, fine-tuning parameters, stability, robustness, etc.–28

that need to be carefully taken care of, as these undergird the desired closed-29

loop performance, i.e., range extension. The next section will discuss the30

applications of ACB as undertaken in the state of the art, particularly in the31

context of EV’s range and other performance metrics.32

1.1. Literature Review33

Inherent heterogeneity is one of the primary factors driving the need for34

cell balancing [4]. In this respect, [5] quantified the impact of cell imbalance35

on EV range. By simulating the 125 drive trips, the authors identified that36

cell capacity is the most significant factor affecting the EV’s range. On the37

same topic, [6] investigated even more factors that influence EV’s range by38

categorizing them into 4 major groups: vehicle design, BMS, driver, and en-39

vironment. Moreover, the authors noted that most of the factors related to40

the vehicle and driver are encoded by drive cycles. In effect, there have been41

multiple studies employing cell balancing to bypass these drawbacks. For42

instance, [7] used the nonlinear MPC (NMPC) framework to perform ACB43

by simultaneously minimizing the SoC difference and energy dissipation in44

the balancing network. Though the simulations were performed on two cells45

only, the authors also took into consideration the computational burden of46
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the control scheme to facilitate the implementation of real-time control. In47

the same context of addressing the MPC computational burden, [8] proposed48

to integrate reinforcement learning (RL) with MPC. With RL acting as an op-49

timal policy to trigger the MPC to solve the optimization problem, the work50

demonstrated that triggering occurred on average in 1000 s as compared to 151

s of baseline MPC. While reducing the computational burden, the framework52

simultaneously achieved a maximum range of up to 48 km. Similarly, other53

studies have quantified the efficacy of ACB in range extension; [9] proposed to54

set a theoretical benchmark for maximal range achievable as a result of ACB55

under ideal conditions. They posed this problem as reachability analysis,56

and by running the simulation on 10 cells, the authors reported an increase57

of 23 s in battery runtime compared to no balancing. In the same context of58

MPC-based ACB for range extension, [10] explored various objectives that59

comprised voltage, SoC, and charge-based quantities. In the same vein, us-60

ing the feasibility approach, [11] demonstrated a 5% extension in the range61

and a 10% prolongation in end-of-life (EoL). Moreover, different variants of62

MPC formulation in terms of objective functions have been investigated by63

[12]. Overall, 7% and 4% range enhancements were reported in steady-state64

and transient scenarios, respectively. Consequently, in [13], the authors also65

considered unfamiliar driving patterns and showcased the robustness of MPC66

based balancing in the face of these uncertainties. Beyond the application of67

MPC during discharging to exhibit range extension, it has also been utilized68

for balancing during charging. For instance, [14] formulated a multi-objective69

optimal control problem to charge the battery quickly while keeping its degra-70

dation to a minimum. Similar kind of work has also been taken up by [15] in71
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the NMPC framework; though the proposed strategy took longer to charge72

than traditional voltage-based approaches, it met the desired performance73

parameters while meeting the safety and computational constraints. The74

authors in [16] designed balancing aware NMPC for capacitor, and induc-75

tor based ACB networks (ACBNs), and compared their performance during76

overnight charging. The analysis demonstrated that capacitor based ACBN77

yielded superior performance compared to its counterpart. Moreover, there78

have been additional studies incorporating various balancing topologies and79

control algorithms aimed at achieving diversified objectives: from cell balanc-80

ing to temperature regulation, reduced charging times, and range extension81

cf. [17, 18, 19]. Additionally, the researchers have also utilized statistical tools82

to quantify the impact of variations in battery parameters, such as capacity83

and charging profiles, on underlying performance [20].84

1.2. Gap Analysis85

In the literature, multiple control strategies have been implemented for86

ACB, and similarly, there has also been statistical analysis on quantifying87

the impact of various factors on ACB performance. However, there are some88

avenues that are not thoroughly investigated. For instance, (i) in considering89

the control formulation of the ACBN, especially under MPC’s framework, the90

problem is usually posed for a finite number of serially connected cells, with91

the fidelity of the underlying ACBN model kept to a minimum. (ii) By the92

same extension, the stability analysis of the closed-loop systems is performed93

for the same limited problem formulation. Moreover, as highlighted in the94

literature review, the range of an EV is influenced by a number of factors95

pertaining to battery, vehicle, and control techniques. However, (iii) there96
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exist limited studies that systematically quantify the impact of variables97

such as drive cycle, cost function, initial SoC configuration, etc., on ACBN98

performance metrics.99

In our earlier works, we proposed high-fidelity mean current and power100

losses models for capacitor, inductor, and transformer-based ACBN for two101

series connected cells [21, 22]. Therein, we demonstrated that considering102

the dynamic and static parameters of ACBN is crucial in accurately deter-103

mining the ACBN performance. Building upon the mean balancing current104

approach, we devised a power loss-aware NMPC formulation for inductor-105

based ACBN in [23]. Despite increasing the fidelity, the two-cell-based model106

is insufficient to capture the impact of ACBN on EV’s range. This is because107

in series-based adjacent cell-cell configuration, the total number of ways in108

which charge can be transferred among cells can’t be modeled by two cells.109

Therefore, keeping in mind the need for a generalized ACBN model compris-110

ing N cells for control problem formulation and the subsequent quantification111

of important parameters on EV’s range, the major contributions of this work112

are iterated as follows:113

1.3. Major Contributions114

1. Mathematical modeling of high-fidelity mean balancing currents and115

power losses of a generalized N -cells ACBN based on buck-boost con-116

verter (BBC) for series-based cell-cell topology.117

2. Formulation of a generalized NMPC problem with three distinct balancing-118

aware cost functions; the problem is subsequently solved, and stability119

guarantees are provided.120
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3. System-level manifestation of ACB in terms of range extension by solv-121

ing the ACB control problem. Moreover, extensive simulations are con-122

ducted to demonstrate robustness in the face of various drive cycles.123

Furthermore, a multivariate analysis of variance (MANOVA) is carried124

out to study the impact of different cost functions, varying driving con-125

ditions, and the cells’ SoC configuration on the EVs range, balancing126

time, and power losses.127

The subsequent sections of the paper unfold as follows: section 2 de-128

velops the higher-dimensional mathematical modeling of the ACBN; section129

3 formulates and solves the NMPC problem for the ACBN and establishes130

proof of the stability and convergence of the same. A detailed discussion on131

ACBN’s results and the consequent statistical analysis is given in section 4;132

and finally, the paper reaches its conclusion in section 5.133
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Table 1: List of symbols

Symbol Description

N, xn

Number of serially connected cells in a battery pack and

Cell’s SoC [%]

uij , SoC
Duty cycles of MOSFETS and state of charge (%) of cell,

respectively

Ibn , Ie Current of cell n, and Load current, respectively (A)

ηn, R0n

Cell’s capacity (As) and internal resistance of cell n (Ω),

respectively

Li, Di,j ,Qi,j Inductor, Diode, and MOSFETS, respectively

Ich, Idis
Effective current during charging and discharging modes

of buck-boost (A)

VFi,j , vti
Forward voltage drop of diode Di,j and cells’ terminal

voltage (V)

τc, τd
Time constants for charging and discharging of Li, respec-

tively (s)

td, t0i , T
Dead time, time instant at which Li current is 0, and

switching time period, respectively (s)

RLi , Rds,

Rci , Rdi

Resistances of Li, on-state switching and charging and

discharging paths of Li, respectively (Ω).

Pcon, Ptf

Overall conduction power losses and switching losses when

Qij is on, respectively (W)

PDrr
,Ptd

Reverse recovery power loss associated with Dij , and dead

time power losses, respectively (W)

Ici,j , Idi,j
Charging and discharging RMS currents (A)

vn, σ(.)
Open circuit voltage of a cell (V) and standard deviation

of SoC levels.

tb, P̄T

Balancing time and average power losses (total) during

balancing.

tc, tsim Computational and simulation times.

ACB, ACBN Active cell balancing and active cell balancing network.

Li-ion, ECM Lithium ion and equivalent circuit model.

Buck-boost based converter and model predictive control

ANOVA,

MAVOVA
Analysis of variance and multivariate analysis of variance.
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2. Mathematical Modelling of ACBN134

The ACBN–as represented in Figure 1– comprises two parts: (i) a bat-135

tery pack containing N serially connected cells and (ii) a balancing network136

containing (N − 1) BBCs with 2 × (N − 1) MOSFETs. Although a simple137

equivalent circuit model (ECM) is used to represent the dynamics of Li-ion138

cells, high-fidelity mathematical models of mean balancing current and power139

losses of balancing network are considered. These high-fidelity models are140

adopted from [22] and extended to an N -cell configuration in this work.141

2.1. Equivalent Circuit Model of the Cell142

The equations representing SoC levels and terminal voltages of cells are143

given as144

ẋ = f(x,u), (1)

vt = h(x,u), (2)

f(x,u) =

[
Ib1(x,u)

η1

Ib2(x,u)

η2
· · · IbN (x,u)

ηN

]T
,

h(x,u) =


v1(x1) + Ib1(x,u)R01

v2(x2) + Ib2(x,u)R02

...

vN(xN) + IbN (x,u)R0N

 ,

vn =
8∑

s=1

psx
(8−s)
n , (3)

where the state vector x =
[
x1 x2 . . . xN

]T
represents the SoC levels of145

N cells; vt =
[
vt1 vt2 . . . vtN

]
is the vector of cells’ terminal voltages (V);146

f : ℜN × ℜ2(N−1) → ℜN and h : ℜN × ℜ2(N−1) → ℜN are smooth nonlinear147
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Figure 1: Closed-loop system showing the Interaction of an ACBN, NMPC and SoC

estimator. Moreover, the drive cycle current Ie is also shown.
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functions of x, and u, where u = {ui,j} is the control input vector, represent-148

ing the duty cycles of MOSFETS; ηn represents the cell capacity in (As), and149

Ibn is the effective current (A) of cell n, and n = 1, 2, · · · , N ; the internal resis-150

tance of cell n is denoted by R0n (Ω); and vn represents the open circuit volt-151

age (OCV) of a cell, and p = [88.56,−320.46, 472.36,−368.96, 166.57,−44.01, 7.18, 2.95]152

is the polynomial representing the relationship between cell’s SoC and OCV.153

Depending on the positioning of a cell in the battery pack, the expressions154

for cells’ currents are given as155

Ib1 = −Ie − Ic1,1(x1, u1,1) + Id1,2(x1, x2, u1,2)− ILoss,

Ibn ̸=1,N
= −Ie − Icn,1(xn, un,1) + Id(n−1),1

(xn−1, xn, u(n−1),1

− Ic(n−1),2
(xn, u(n−1),2) + Idn,2(xn, xn+1, un,2)− ILoss,

IbN = −Ie − Ic(N−1),2
(xN , u(N−1),2)− ILoss

+ Id(N−1),1
(xN−1, xN , u(N−1),1), (4)

where Ici,j and Idi,j are charging and discharging currents (also known as156

balancing currents) of inductor i when MOSFET Qi,j is turned on, respec-157

tively, and i = 1, 2, · · · , (N − 1) and j = 1, 2 represent the number of BBCs158

and MOSFETs per converter, respectively; Ie is the external load current as159

shown in Figure 1; ILoss = PT/
(∑N

n=1 vtn

)
represents the loss current that160

accounts for the power losses; and PT is the total power loss, cf. (11).161

In this work, charge transfer is accomplished by employing series-based162

cell-to-cell topology [24]. As shown in Figure 1, there is a dedicated BBC to163

balance the charge between two adjacent cells. The mean balancing currents164

responsible for equalizing the SoC levels of cells n and n+1 (zoomed portion165
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in Figure 1) are Ici,1 , Idi,1 , Ici,2 and Idi,2 . When xn > xn+1, the MOSFET Qi,1166

is turned on employing ui,1 and the current Ici,1 starts charging the inductor167

Li. The stored charge in Li is transferred to xn+1 when Idi,1 flows through168

the diode Di,2 when both Qi,1 and Qi,2 are off. Similarly, Ici,2 and Idi,2169

transfer the excess charge from xn+1 to xn when xn+1 > xn by utilizing ui,2.170

To avoid short circuit both MOSFETs Qi,1 and Qi,2 can not be turned on171

simultaneously. In series-based cell-cell topology, a cell sandwiched between172

two cells receive/transfer current from/to two adjacent BBCs while the first173

and the last cells are linked with only one BBC, cf. (4). The balancing174

currents given in (5) and (6) are positive; however, the negative sign with175

charging current in (4) is due to the current convention considered in this176

article–any current exiting a cell is negative, whereas a positive sign is used177

with the currents entering a cell.178

2.2. Mean Balancing Currents179

The high-fidelity models of the balancing currents Ici,j and Idi,j , which180

take into account the effect of various static and dynamic ACBN parameters181

are adapted from [22], and are generalized in the following manner182

Ici,j =
vh

TRci

(
ui,jT − td + τci (e

κi − 1)

)
, (5)

Idi,j =
τdi (e

χi − 1)

T

(
−Ipi −

a0i(t0i − ui,jT )

τdi (e
χi − 1)

+ 1

)
, (6)

t0i = ui,jT + τdi ln

(
Rdivh

(vl + VFi,j )Rci

(1− eκi) + 1

)
,

χi =
ui,jT − t0i

τdi
, a0i =

vl + VFi,j

Rdi

.

Ipi =
vh
Rci

(
1− eκi

)
, κi =

td − ui,jT

τci
,

λi =
td − t

τci
, ϕi,j =

ui,jT − t

τdi
, Rdi = R0l +RLi ,
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Rci = R0h +RLi +Rds, τci = Li/Rci , τdi = Li/Rdi ,

where vh and vl, and R0h and R0l are the higher and lower open circuit183

voltages and series resistances (Ω) of two adjacent higher and lower SoC184

cells, respectively; VFi,j
is the forward voltage drop of diode Di,j parallel to185

MOSFET Qi,j (cf. Figure 1); τc and τd are time constants (s) for charging186

and discharging of inductor i, respectively; Ipi is the peak inductor current at187

t = ui,jT ; td, t0i and T represent dead time, time instant at which inductor188

current is zero, and switching time period, respectively; duty cycle of Qi,j is189

denoted by ui,j, and Li represents the inductance of the inductor i (H); and190

RLi
, Rds, Rci and Rdi represent resistances of inductor, on-state switching,191

and charging and discharging paths of inductor, respectively.192

2.3. Power Losses of the ACBN193

The model accounts for various power losses in the ACBN and includes194

both static and dynamic parameters of the network. The detailed model195

equations are taken from [22] and extended for a battery pack of N series-196

connected cells.197

The power losses due to on-state resistances of MOSFETs, diodes, para-198

sitic resistances of energy storage elements, and internal resistances of cells199

constitute the conduction losses, which are characterized as200

Pcon =

N−1∑
i=1

2∑
j=1

[
I2
ci,j R̃ciui,j + I2

di,j
R̃di

(
t0i − ui,jT

T

)]
+

N∑
n=1

I2bnR0n , (7)

I2
ci,j =

v2h
TR2

ci

[
τcie

κi

(
4− eκi

2

)
+ ui,jT − td −

3

2
τci

]
,

I2
di,j

=
1

T

[
τdiIpi

(
Ipi
2

− a0i

)
+ a20i

(
t0i − ui,jT − 3

2
τdi

)
+ e3κi2a0iτdi (Ipi + a0i)

]
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+
1

T

[
−τdie

2κi

(
I2pi
2

+
a20i
2

+ a0iIpi

)]
,

where Pcon are the overall conduction power losses (W); Ici,j and Idi,j rep-201

resent the effective RMS currents during charging and discharging modes,202

respectively; and R̃ci = Rci −R0h and R̃dj = Rdi −R0l .203

The BBC is operated in discontinuous conduction mode, therefore, the204

switching losses in (8) only consider the power losses when MOSFETs are205

turned off206

Ptf =
tf
2T

vh

N−1∑
i=1

2∑
j=1

Idi,j , (8)

where tf is the fall time.207

The reverse recovery power loss associated with the body diode Di,j is208

PDrr =
t2rr
2T

vl

N−1∑
i=1

2∑
j=1

(
vl + vFi,j

Li

)
. (9)

During dead time both MOSFETs are off, however the inductor current209

keeps on flowing through the body diodes210

Ptd =
td
2T

N−1∑
i=1

2∑
j=1

(
VFi,jIdi,j

)
, (10)

where Ptd represents dead time power losses.211

The model developed in this section will be used to design an NMPC for212

the ACBN in the subsequent section.213

3. Nonlinear Model Predictive Control Design for the ACBN214

The objective of this research work is to explore the impact of cell balanc-215

ing on the range of an EV. According to the statistical analysis carried out216
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in section 4, it has been demonstrated that balancing aware NMPCs improve217

the range of an EV. However, unnecessarily prioritizing the cell balancing can218

increase the power losses in the ACBN. Therefore, we propose the following219

nonlinear programming problem (NLP)–transcribed using multiple-shooting220

method, which takes into account both the competing objectives–increased221

balancing speed and reduced power losses222

min
x(k),µ(k)

J(x(k), µ(k)), (11)

J =

k0+Hp∑
k=k0

( N∑
n=1

wxe
2
n(k) + wpPT (k)

)
,

en(k) = xn(k)− x̄(k), x̄(k) =
1

N

N∑
n=1

xn(k),

PT (k) = Pcon(k) + Ptf (k) + PDrr(k) + Ptd(k),

subject to

x(k+ 1)− f(x(k), µ(k)) = 0, (11a)

x(k0) = xk0 , (11b)

µ(k) ∈ U , (11c)

x(k) ∈ X , (11d)

µT
i,1(k)µi,2(k) = 0, (11e)

where µ(k) = u(k) − td/T ; Hp is the prediction horizon (s); wx, wp ∈ ℜ+
223

are the weights for SoC balancing and total power losses (PT ), respectively;224

xk0 is the initial state vector at the start of the optimization problem; µT
i,1 =225 [

µ1,1 µ2,1 . . . µ(N−1),1

]
and µT

i,2 =
[
µ1,2 µ2,2 . . . µ(N−1),2

]
; and the sets226
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U and X in (11c) and (11d), respectively are given as227

U =

{
µi,j ∈ ℜ+

∣∣∣∣0 ≤ µi,j ≤ umax −
td
T

}
,

X =

{
xn ∈ ℜ+

∣∣∣∣xmin ≤ xn ≤ xmax

}
,

where xmin and xmax are the minimum and maximum SoC levels of the cell228

n, and umax represents the maximum value of the MOSFET’s duty cycle.229

The equality constraint in (11e) makes sure that both the MOSFETs of any230

BBC are not turned on simultaneously, eventually preventing short circuit231

in the ACBN.232

The cost function J in (11) has two terms: the first term is the sum of the233

squares of the difference of individual SoC level of a cell and the average SoC234

levels of all cells, and the second term represents the total power losses in the235

ACBN. If wp is kept small then the NMPC expedites balancing of the SoC236

levels of the cells, whereas, for larger values of wp the controller gives more237

weightage to PT and tries to minimize the power losses. The NMPC solves238

the NLP in (11) at every time instant and yields optimal values of states and239

control inputs–xopt(k) and µopt(k) for interval [k0, k0 + Hp]. However, the240

closed-loop input for the interval is µ∗ := µopt(k0), whereas, the remaining241

control actions are discarded.242

3.1. Stability of the Closed-Loop System243

The stability of the closed-loop system is derived by exploiting the dy-244

namics of the ACBN in section 2 and constraints of the NLP in (11).245

Consider the following Lyapunov functional246

V = eTe+ wpPT , (12)
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eT =
[
e1 e2 . . . eN

]
.

The time derivative of V in (12) is given as247

V̇ = eT ė+ ėTe+ wpṖT ,

= 2

(
e1ė1 +

N−1∑
n=2

enėn + eN ėN

)
+ wpṖT . (13)

Depending upon the SoC levels of two adjacent cells, the NMPC turns the248

MOSFETs on by respecting (11e). In a string of N series connected cells249

there can be NN combinations based on cells’ initial SoC levels. However,250

for stability analysis only two extreme cases are considered here–the first251

case assumes that x1 > x2 > . . . > xN , whereas the second case considers252

x1 < x2 < . . . < xN . Employing (1) in (13), the stability of the closed-loop253

system is established for both the cases using the Lyapunov theory.254

3.1.1. Stability Analysis for Case-I (x1 > x2 > . . . > xN)255

In this case only first MOSFET of each buck-boost converter is turned-256

on, while the second MOSFET stays off, therefore µi,2(k) = 0 in (11e), and257

for an inductor Li, Idi,2 = Ici,2 = 0. Consequently, by assuming that all the258

cells have capacity η, the expressions for ė1, ėn and ėN can be written as259

ė1 =
1

Nη

[
(N − 1) Ic1,1 − Π1 − Id(N−1),1

]
,

ėn =
1

Nη

[
N
(
Icn,1 + Id(n−1),1

)
− Ic1,1 − Id(N−1),1

− Π1

]
,

ėN =
1

Nη

[
(N − 1) Id(N−1),1

− Π1 − Ic1,1

]
, (14)

where Π1 =
∑N−1

n=2

(
Icn,1 + Id(n−1),1

)
.260
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With the choice of parameters, given in section 4, and by assuming same261

resistance for charging (Rci) and discharging (Rdi) paths of inductor, the262

magnitudes of both Ici,j and Idi,j are same, and |Ici,j | = |Idi,j | ≤ I∗. After263

using these results in (14), ėn = 0 and Π1 = 0 (same number of charging264

and discharging currents). In Case-I e1 > 0 and eN < 0, therefore, the time265

derivative of the Lyapunov functional in (13) becomes266

V̇ ≤ −2I∗

η

(
|e1|+ |eN |

)
+ wpṖT . (15)

By proper choice of wp, V̇ ≤ 0, and by using invariant set theorem it can be267

shown that SoC level of each cell converges to the average SoC level.268

3.1.2. Stability Analysis for Case-2 (x1 < x2 < . . . < xN)269

In this case only second MOSFET of each buck-boost converter is turned-270

on, therefore µi,1 = 0 in (11e), and Idi,1 = Ici,1 = 0. The time derivatives of271

ė1, ėn and ėN can be expressed as272

ė1 =
1

Nη

[
(N − 1) Id1,2 − Π2 − Ic(N−1),2

]
,

ėn =
1

Nη

[
N
(
Ic(n−1),2

+ Idn,2

)
− Id1,2 − Ic(N−1),2

− Π2

]
,

ėN =
1

Nη

[
(N − 1) Ic(N−1),2

− Π2 − Id1,2

]
, (16)

where Π2 =
∑N−1

n=2

(
Ic(n−1),2

+ Idn,2

)
.273

After considering the magnitudes of charging and discharging currents,274

and using the fact that e1 < 0 and eN > 0, same result as given by (15) is275

obtained. Using the above analysis, a similar conclusion can be drawn for276

the stability of the closed-loop system for any initial SoC distribution.277
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4. Results and Discussion278

The discussion of the results will be distributed into three main cate-279

gories. Firstly, the results of NMPC and its subsequent impact on ACBN280

performance will be discussed. Secondly, the discussion will be about sta-281

tistical analysis of the impact of input parameters–cost function, initial SoC282

configuration, and drive cycles, on the performance metrics–range, balancing283

time, and power losses. The statistical tools used in this research work are284

the analysis of variance (ANOVA) and multivariate (ANOVA). Finally, the285

system-level impact of employing NMPC for ACB in terms of range exten-286

sion will be covered. Moreover, it is pertinent to mention that the current287

framework provided in this work to analyze the ACBN performance can eas-288

ily be extended to incorporate other physical variables. For instance, the289

thermal and aging models can be integrated with the current ACBN model.290

This in turn will allow to expand the NMPC to be thermal and health aware291

by including more terms in its cost function.292

Along with the cost function considered in (11), we have also incorporated293

two more. For brevity, we will simply list them while omitting the full NMPC294

formulation, which remains unchanged. Note that from here onwards, we are295

going to refer the cost function in (11) as J3. The other two cost functions296

are given as297

J1 =

k0+Hp∑
k=k0

(
−wx(min (x(k)))2 + wpPT (k)

)
, (17)

J2 =

k0+Hp∑
k=k0

(
wx(max(x(k))−min (x(k)))2 + wpPT (k)

)
, (18)

min (x) = − 1

ws
log

(
N∑

n=1

exp (−wsxn)

)
,
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max (x) =
1

ws
log

(
N∑
i=1

exp (wsxi)

)
,

, where ws is the scaling parameter. The values of wp, wp, ws and Hp are298

determined after performing sensitivity analysis and evaluating the perfor-299

mance in terms of balancing time, power losses, and computational burden.300

After the analysis, the values are set as wp = 10−4, wx = 10, ws = 100, and301

Hp = 10. The term representing the power losses is similar in all the cost302

functions, while the balancing term is different. In J1 the least SoC level is303

maximized, whereas J2 minimizes the difference between maximum and min-304

imum SoC. In order to improve the feasibility of the solution of the optimal305

control problem, smooth approximations of min(x) and max(x) are used.306

The closed-loop implementation employing NMPC for ACBN is illus-307

trated in Figure 1. Taking in the values of x, the NMPC block calculates the308

duty cycles for the BBCs to balance the cells’ SoC levels. Figure 1 demon-309

strates the control implementation scheme for a string of N series-connected310

cells, however, the simulations are performed for N = 12 cells. This num-311

ber of cells represents a case study for a low- to medium-powered EV bike,312

wherein twelve serially connected cells are sufficient to provide a voltage of313

up to 40 V . Moreover, for simulation purposes, all cells are considered to be314

LG 18650HG2 type (cf. [25]), and the cells’ and ACBN nominal parameters315

are given in Table 2.316

The NLP in (11), (17), and (18), is implemented in Simulink using the317

CasADi framework and solved using the interior point optimizer (Ipopt) al-318

gorithm. Moreover, the Euler method is used to discretize the mathematical319

model in the NMPC and overall closed-loop system, with a time step of320
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10 s. The constraints on the input and states are umax = 0.4, xmin =321

[0.05, . . . , 0.05]⊤ ∈ R12, xmax = [0.95, . . . , 0.95]⊤ ∈ R12, with prediction322

horizon Hp = 20 s. All the simulations were performed on a computer323

with an Intel Core i7-1065G7, 1.3 GHz, 10th-generation processor; 16 GB324

RAM; running Windows 11 Home (64-bit). Moreover, under these compu-325

tational settings, the optimizer took an average of 1.3 s to solve an opti-326

mization problem, with a convergence rate of -0.0054 s−1. Finally, the mem-327

ory footprint is estimated to be < 50 KB. This is approximated as follows:328

Nvar = nx︸︷︷︸
Initial State X0

+ Np︸︷︷︸
Horizon

×

 nu︸︷︷︸
Controls Uk

+ nx︸︷︷︸
Next State Xk+1

, where Nvar represents329

the total number of decision variables, and values of Hp, nu, and nx are330

2, 22, and 12, respectively. Consequently, 80 decision variables, along with331

consideration of double-precision storage and sparse solver overhead for Hes-332

sian and Jacobian matrices, approximately amounts to memory footprints of333

< 50 KB.334

All of the above-mentioned cost functions in various NMPC formulations335

are balancing-aware; however, they yield different performance metrics. Sim-336

ilarly, the range achieved by EV is calculated using the following:337

Range =

∫ tsim

0

vDC(t)dt, (19)

where vDC is the velocity profile of drive cycles, and tsim is the instant when338

SoC of any battery cell reaches 10%. Moreover, the balancing time tb is the339

time when the standard deviation of the cells’ SoC is σ(x(k)) = 0.02. At340

this point, it is crucial to mention that tsim is predominately dictated by341

the EV powertrain’s parameters and battery characteristics. This is because342

Ie, which serves as an input to the battery pack, is obtained after giving343

21



vDC as input to the EV powertrain simulator. Consequently, all the vehicle-344

and battery-related characteristics, which are defined in the simulator, are345

reflected in Ie, which governs the rate of SoC drop in a pack. Similarly,346

to quantify EV range extension as a result of ACB, we first need to set a347

baseline scenario. Since in this work we are interested in range enhancement348

solely due to ACB, we consider the no-balancing (NB) scenario as a baseline.349

Subsequently, for any drive cycle, the difference in ranges achieved by NMPC-350

based ACB and NB is quantified as range extension.351

Table 2: Nominal model parameters for simulations

Parameter Value Parameter Value

T 20 µs td 2 µs

VF 0.3 V Rds 5.3 mΩ

tf 8 ns trr 28 ns

RL 0.01 Ω L 6 µH

R0i 0.025 Ω ηnom 10800 As

Figures 3–5 show the outcomes of ACBN against the current of FUDS352

driving profile, depicted in Figure 2, for cost functions J1–J3. The initial353

SoC levels of cells are given by x(0) = [ 0.7 0.7 0.7 0.7 0.8 0.8 0.8 0.8 0.9 0.9 0.9 0.9 ].354

As expected, in all three scenarios–see Figures 3a, 4a, and 5a the cells’ SoC355

levels were ultimately equalized, but with varying tb of 79600 s, 5770 s,356

and 5600 s for J1, J2, and J3, respectively. Moreover, it can be seen from357

Figures 3b, 4b and 5b that even after the balancing criterion is met, σ(x(k))358

continues to drop and almost reaches zero for J2 and J3; on the other hand,359
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a small difference exists in SoC levels for J1. Nevertheless, in all of the360

scenarios, the balancing criteria is met and sustained, demonstrating the361

robust performance of the controller. In continuation, Figures 3c, 4c, 5c, and362

Figures 3d, 4d, 5d depict the control actions and corresponding balancing363

currents, respectively. The results indicate that for all cost functions the364

controller remains involved even past when the balancing criteria are met,365

subsequently generating balancing currents with diminishing magnitude to366

equalize cells’ SoC levels.

0 1 2 3 4 5 6 7 7.7

-3

-2

-1

0

1

2

Figure 2: Current profile for FUDS drive cycle.
367

In order to conduct statistical analysis to quantify the impact of closed-368

loop parameters, we have performed ACB and collected data against the369
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(a) SoC levels of the cells.

0 2 4 6 7.7

0

0.02

0.04

0.06

0.08

0.1

(b) Standard deviation of cells SoC.

(c) Duty cycles (control inputs). (d) Cells currents, Ĩbn = Ibn − Ie.

Figure 3: NMPC results with cost function J1 and FUDS drive cycle.
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(a) SoC levels of the cells.

0 2 4 6 7.7

0

0.02

0.04

0.06

0.08

0.1

(b) Standard deviation of cells SoC.

(c) Duty cycles (control inputs). (d) Cells currents.

Figure 4: NMPC results with cost function J2 and FUDS drive cycle.
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(a) SoC levels of the cells.

0 2 4 6 7.7

0

0.02

0.04

0.06

0.08

0.1

(b) Standard deviation of cells SoC.

(c) Duty cycles (control inputs). (d) Cells currents.

Figure 5: NMPC results with cost function J3 and FUDS drive cycle.
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following sets. D = {FHDS (D1), FUDS (D2), FUDS Fast (D3), NEDC (D4),370

US06 (D5), US06 City Cycle (D6), US06 Highway Cycle (D7)} is the set of371

standardized drive cycles [26]; moreover, the set of initial SoC configuration372

(Xconf) is defined as follows: first we distribute our set of initial vector i.e, x373

into 3 distinct blocks as: b1 = [0.9, 0.9, 0.9, 0.9], b2 = [0.8, 0.8, 0.8, 0.8], and374

b3 = [0.7, 0.7, 0.7, 0.7], subsequently, Xconf = {[bφ, bϑ, bϱ] | φ, ϑ, ϱ ∈ {1, 2, 3}};375

and finally J ={J1, J2 J3} is the set of cost functions. Subsequently, the376

total number of simulations conducted to collect data can be defined as the377

cartesian product of the above three sets i.e, D ×Xconf ×J –567 simulations378

in total.379

N -way ANOVA is a statistical method that aids in understanding the380

variance in a single output/dependent variable as a result of varying the381

N input/independent variables, which have different levels or groups. For382

instance, in this work, D has 7 groups. Similarly, MANOVA expands the383

N -way ANOVAs capabilities by allowing it to incorporate and analyze more384

than one output variable. The outcomes of these analyses are usually char-385

acterized by the F-ratio, which is a dimensionless quantity and is defined as386

the ratio of variance between groups to the variance within groups [27]; the387

summary for these scores is provided in Table 3 for the reader’s convenience.388

A higher F-ratio implies a statistically significant impact of input variables389

on outputs. With an F-ratio of 145.38, the MANOVA analysis shows that390

the drive cycles have the most impact on the variations of the outputs; this391

is followed by initial SoC configuration and cost function, with F-ratios of392

33.517 and 32.681, respectively. Similarly, in terms of impact on individual393

output factors, ANOVA reveals that drive cycle is the strongest cause behind394
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the variations in range and P̄T , achieving 15954 and 52777, respectively, as395

F-ratios. On the other hand, initial SoC configuration has the least impact on396

the variation in P̄T and cost function minimally impacts range, with F-ratios397

of 40.344 and 31.921, respectively. Likewise, for tb, ANOVA shows that the398

prominent source of influence behind its variance is the cost function, with an399

F-ratio of 105.2, whereas the drive cycle has the least impact, with F-ratios400

of 2.08. These findings stress the need to take into account dynamic driving401

behaviors, initial cell conditions, and appropriate choice of cost function in402

the design of ACB techniques to improve balancing performance and extend403

the range of the EV.404

Independent

Variable

MANOVA

F-ratio

ANOVA

Range

F-ratio

ANOVA

P̄T

F-ratio

ANOVA

tb

F-ratio

Cost function 32.681 31.921 84.287 105.2

Drive cycle 145.38 15 954 5 2777 2.08

Initial SoC 33.517 637 40.344 83.865

Table 3: Summary of F-ratios for ANOVA and MANOVA analysis to quantify the impact

of certain parameters on EVs range and ACBN performance.

Finally, this paragraph will engage the discussion regarding the system-405

level manifestation in terms of range as a consequence of ACB. Moreover, it is406

pertinent to mention that in Figures 6a, 6b, and 6c, the quantities shown are407

averaged over all the set Xconf. Upon closer scrutiny of Figure 6a, it becomes408
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evident that irrespective of the cost function, the NMPC based ACB yields409

increased range as compared to the NB case. Moreover, across individual410

drive cycles, J2 consistently demonstrates superior performance compared to411

other cost functions: it has yielded a maximum range extension of 20% in412

D3 (J1 and NB attained ranges of 161 km and 136 km, respectively), and413

a minimum range extension of 13% in D5 (with ranges of 149.4 km and 134414

km for J1 and NB, respectively). Similarly, J1 has yielded a maximum and415

minimum range extension of 18.4% and 11.5% in D3 and D5 respectively.416

Table 4 reports the maximum and minimum range achieved by each cost417

function and its corresponding drive cycle. Moreover, all these numbers for418

range extension are reported for just a single EV executing a single drive419

cycle. Consequently, these numbers can easily scale up to millions of kilo-420

meters considering a large number of EVs running thousands of drive cycles421

over their lifespan.422

In a similar vein, concerning P̄T , as depicted in Figure 6b, J1 incurs the423

highest loss of 1.19 W in D5, whereas it records the lowest loss of 0.13 W424

in D4. Similarly J2 demonstrates the maximum and minimum losses of 1.22425

W and 0.13 W in D5 and D4 respectively; and for J3, the values are 1.23426

W and 0.13 W, respectively. All the cost functions yield maximum value427

of P̄T in D5, which is the most demanding drive cycle with high magnitude428

of Ie; whereas D4–exhibiting a relatively smooth Ie profile and low current429

magnitude–yields the least value of P̄T for all cost functions– see Table 4.430

Finally, similar analysis regarding tb is demonstrated in Figure 6c. It is431

from the Figure that J3 yields the least balancing time in almost all the drive432

cycles, except for D5 and D7, where J2 dominates J3 in terms of balancing433
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(a) Mean range across Xconf .
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(c) Mean balancing time across Xconf . (d) Relative performance of cost functions

Figure 6: Statistics of NMPC-based ACBN performance metrics (Range,P̄T and tb) for

all the drive cycles in D.
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speed. J3 exhibits the maximum and minimum improvement in tb of 96.8%434

and 0.25% with respect to J1, in D4 and D1, respectively. However, it is435

interesting to note that J1 achieves competitive performance in aggressive436

driving regimes such as D5, D6, and D7; whereas for mild drive cycles, i.e.,437

D4, its performance deteriorates, with tb reaching the value of 7386 s.438

Table 4: Comparison of maximum and minimum range, power loss, and balancing Time

for each cost function along with the corresponding drive cycle.

Cost Function
Range (km) Avg Power Loss (W) Balancing Time tb (s)

Max Min Max Min Max Min

J1 258.9 (D4) 149.4 (D5) 1.19 (D5) 0.13 (D4) 7386 (D4) 1084 (D5)

J2 259.2 (D4) 151.4 (D5) 1.22 (D5) 0.12 (D4) 3982 (D1) 2887 (D5)

J3 259.1 (D4) 151.3 (D5) 1.2 (D5) 0.13 (D4) 3853 (D1) 3172 (D7)

NB 220 (D4) 134 (D5) 1.15 (D5) 0.12 (D7) – –

In summary, after taking the average over all drive cycles, J2 has demon-439

strated a 16.26% range extension; whereas J3 and J1 have yielded the values440

of 16% and 14.9%, respectively. And for average power losses, J3, incurred441

the maximum loss of 0.55 W , followed by J2, and J1, with the values of 0.54442

and 0.53 W , respectively. Finally, J1 has the maximum value of tb = 3741443

s, while J3 has the least value of tb = 3628 s. This analysis suggests that J2444

is the preferred cost function if range extension is the desired performance445

criterion and J3 is appropriate for achieving faster balancing times; more-446

over, J1, with the least power losses, proves to be the best option if efficiency447

of the ACBN is critical. All in all, J2 has shown an intermediate overall448

performance–yielding better balancing speed and range and balancing effi-449

ciency as compared to J3 and J1. The relative performance and selection450
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criteria of each cost for different performance metrics are demonstrated in451

Figure 6d.452

5. Conclusion and Future work453

To address the concern of EV range anxiety, this work employs ACB un-454

der the NMPC framework. In this respect, first a high-fidelity mathematical455

model of ACBN comprising N serially connected cells arranged in adjacent456

cell-cell topology is provided. Building on that, an NMPC problem is formu-457

lated and subsequently solved for N = 12 cells–representing a case study for458

an EV bike. Furthermore, conclusive arguments are provided to demonstrate459

the stability of the above generalized problem using Lyapunov-based analy-460

sis. Simulations were performed by considering various real driving scenarios,461

initial SoC conditions, and three distinct NMPC formulations in terms of cost462

functions. The results demonstrated that under NMPC-based ACB, an aver-463

age of 28.9 km of range extension can be achieved. Subsequently, statistical464

analysis were performed using MANOVA, which quantified the impact of465

NMPC cost functions, initial SoC configurations, and drive cycles on ACBN466

performance metrics.467

The future work aims to incorporate the thermal and aging model into468

the existing electrical model of the cell. This will allow us to include other469

performance metrics such as thermal and health regulation and evaluate the470

impact of ACB on them. Moreover, machine learning algorithms will be471

applied to the data collected in this work to dynamically switch between472

different cost functions of NMPC in the face of diversified driving conditions.473
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