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Abstract: One of the main reasons electric vehicles (EVs) struggle to completely replace fuel-
powered cars is their limited driving range, which can be significantly reduced during extreme
cold environment. Existing study on battery thermal management often treats EV batteries
as a singular unit and ignores the thermal gradient among battery cells. To overcome this
issue, a nonlinear model predictive control (NMPC)-based optimal strategy for cell-level thermal
management of EV batteries is proposed. The considered thermal management system consists
of a heat pump to warm up coolant fluid, three-way valves to divert coolant between different
cell branches, and a flow-reversible pump to change coolant direction in real-time. A mixed-
integer optimization problem is then formulated, where the integer variable corresponds to the
flow direction and the continuous variables include heat pump compressor speed, flow speed,
and coolant flow distributions among different cell branches. Compared to non-flow-reversible
thermal management system, simulation results suggest that the proposed system can reduce
the cell thermal gradient by 16.6% throughout the simulation and by 42.1% during steady state.
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1. INTRODUCTION

Electric vehicles (EVs) have came into people’s view
due to their environmental and economical friendliness
in most regions. However, EV development has reached a
bottleneck, making it difficult to fully replace fuel-powered
vehicles (Khaleel et al. (2024)). For instance, current EVs
still require a long charging time to achieve a limited
driving range (Feng et al. (2025)). Moreover, EVs also face
drawbacks such as a reduced range at cold temperatures
and potential battery safety risks at high temperatures
(Xie et al. (2022); Senol et al. (2023); Chen et al. (April
7–9, 2021); Zhang et al. (2022b)).

Specifically, in low temperature environments, there are
several limitations concerning discharging EV batteries.
Firstly, for current Li-ion batteries, a low temperature en-
vironment slows down the diffusion speed of Li ions within
the electrolyte and electrodes (Zhang et al. (2022a)), lim-
iting the discharging capacity of the battery pack which
in turn affects EV driving range. Secondly, under low
temperature conditions, the initial resistance of the bat-
tery increases, causing a voltage drop (Shidore and Bohn
(2008)) and increasing Ohmic heat losses, both of which
can decrease the output power of the battery. Finally,
the battery can experience significantly higher capacity
1 This work is supported in part by National Science Foundation
through Award #2237317. Corresponding author: J. Chen.

loss during at low temperatures, due to the accelerated
formation of lithium plating.

To address these challenges related to low temperatures,
an increasing number of researchers are focusing on ther-
mal management systems. For instance, Guo et al. (2023)
take into account both cabin space and seat heating, with
control objectives primarily aimed at balancing energy
consumption and driver comfort, and Hajidavalloo et al.
(2023) utilize a heat pump for battery and cabin heating
due to the higher thermal efficiency. In terms of control
methods, Liu et al. (2023); Cen and Jiang (2020) demon-
strate the use of PID control, while Xie et al. (2023);
Park and Kim (2019) apply control with neural networks.
Advanced control methods such as MPC have been studied
by Hajidavalloo et al. (2023). Although these works cover
most aspects of the thermal management systems required
for EVs, the battery pack is typically considered as a
singular unit when transferring heat with the coolant. In
reality, as the coolant flows through the battery pack loop,
its temperature changes significantly, creating significant
thermal gradient among battery cells, which needs to be
minimized to preserve battery life.

To overcome this issue, this paper proposes an NMPC-
based cell-level battery thermal management system
(BTMS). Specifically, detailed thermal dynamics of each
cell and its heat transfer with coolant fluid are explic-



Fig. 1. Battery thermal management system under study.
Red: counterclockwise flow direction; Blue: clockwise
flow direction.

itly modeled and considered in the control design. Addi-
tionally, to reduce thermal gradient among battery cells,
a flow-reversible pump is incorporated into the system.
Moreover, a mixed-integer optimization problem is formu-
lated, where the integer variable corresponds to the flow
direction and the continuous variables include heat pump
compressor speed, flow speed, and coolant flow distribu-
tions among different cell branches. Similar to (Hajidaval-
loo et al. (2023)), for any given coolant flow direction,
an NMPC-based optimal strategy is used to control the
continuous variables (compressor speed, flow speed, and
flow distributions). Our simulation results show that com-
pared to non-flow-reversible pump BTMS, our proposed
system can significantly reduce the standard deviation of
battery cells temperature. The contributions of this paper
are summarized as follows.

(1) A detailed cell-level battery thermal model is devel-
oped, in which cells are (electrically) connected in
series to provide traction power for the EV.

(2) A coolant system is designed to provide heat to
battery while reducing thermal gradient among cells,
featuring the capability to reverse the coolant flow
direction for more effective thermal management of
each cell.

(3) An NMPC-based control strategy has been designed
to control the continuous variables, which ensures
that the battery cells can reach and maintain the
target temperature as fast as possible.

The remainder of this paper is organized as follows. Section
2 introduces the proposed cell-level BTMS along with
its models, while the NMPC problem and its stage cost
function are discussed in Section 3. Simulation results
and discussions are presented in Section 4, and Section
5 concludes the paper with future work directions.

2. DESIGN & MODELING

Fig. 1 plots the system proposed in the paper, where the
battery pack is divided into seven cell groups. A heat
pump is used to warm up the coolant fluid and three-way
valves are used to divert coolant between two cell branches.
To achieve more uniform temperature control without
excessively increasing system complexity, the coolant loop
is designed with two branches, heating four battery cells
and three battery cells respectively. After heating the
battery cells, the coolant merges and flows back into the
heat pump. Additionally, the coolant loop is designed to

Table 1. Notations for the proposed BTMS
with reversible coolant flow

Notation Physical meaning unit

T1, T2 coolant temp. after or before HP ◦C

T1a, T2a coolant temp. at the inlet or outlet of
coolant Branch a

◦C

T1b, T2b coolant temp. at the inlet or outlet of
coolant Branch b

◦C

Tc1 − Tc5 5 coolant temp. within the branch ◦C

Tb1 − Tb7 7 battery cells temp. ◦C

ṁa battery Branch a coolant flow rate kg/s

ṁb battery Branch b coolant flow rate kg/s

ṁ total coolant flow rate kg/s

ncomp compressor speed rpm

allow the flow direction reversal. In Fig. 1, the red arrows
denote the counterclockwise coolant flow direction and the
blue arrows denote the clockwise coolant direction.

The following subsection introduces more details about the
models of the heat pump, flow pump, and electrothermal
behavior of the battery. To improve the readability of the
paper, the counterclockwise coolant flow direction, which
is marked in red in Fig. 1, is used to explain the system
and reference equations. A brief summary at the end of
this section will describe the impacts to the models with
clockwise flow direction. Table 1 list the nomenclature used
in this paper.

2.1 Flow Pump Model

Based on Fig. 1, the flow pump is located after the three-
way valve, and the coolant mixing temperatures can be
determined as

ṁ = ṁa + ṁb, (1a)

T1 =
1

ṁ
(ṁaT1a + ṁbT1b) , (1b)

T2 =
1

ṁ
(ṁaT2a + ṁbT2b) . (1c)

The pump power can be modeled as

Ppump =
Ppump,m

ηm
=

1

ηm
· ∆ppumpṁ

ρc
, (2)

where Ppump,m represents the pump power, ηm denotes
the power conversion rate of the pump, ρc is the coolant
density, and ∆ppump is the pressure drop of the pump
can be calculated based on the mass flow rate as follows,
according to (Ma et al. (2022)),

∆ppump = 0.927ṁ2 + 0.586ṁ− 0.143. (3)

2.2 Heat Pump Model

In Cvok et al. (2021)’s works, the coefficient of perfor-
mance (COP) of the heat pump (HP) has been tested
to reach values between 2.5 and 3.0 even in cold envi-
ronments, such as −10◦C. Therefore, HP is used to heat
the coolant instead of a positive temperature coefficient
heater, whose maximum COP is about 1 (Zhang et al.
(2023)). Fig. 1 shows that after the coolant from the two
branches merges at the lower temperature T2, it is heated
by HP to T1 and then enters the branches through the
three-way valve. The governing equation is given by

CṪ1 = Q̇HP + ṁcc(T2 − T1), (4)
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Fig. 2. The first-order ECM circuit for a battery cell.

where cc is the heat capacity of the coolant. In this paper,
G-48 ethylene-glycol is chosen as the coolant, which is a
highly popular choice in the EV industry (Kalaf et al.
(2021)). C denotes the thermal inertia of the coolant and
is equal to the product of the coolant mass m and the cc
in the loop.

Finally, Q̇HP is the heat transfer rate of HP, which can be
calculated based on its COP and power as follows.

Q̇HP (Tamb, ncomp) = COPHP (Tamb, ncomp) · PHP , (5)

where PHP is the power of HP, primarily affected by the
compressor speed ncomp, and is selected as an additional
control variable. More details about the performance of
HP under different temperatures, and the relationships
between COP, heat capacity, and compressor speed, can
be found in (Liu et al. (2018)).

2.3 Electrothermal Battery Model

Equivalent circuit model (ECM) has been extensively
studied for analyzing battery electrothermal behaviors
(Chen et al. (2024); Lin et al. (2014); Chen et al. (2022)).
This paper adopts the first-order ECM for each battery cell
as shown in Fig. 2, where Voc represents the cell’s open-
circuit voltage when no power load is applied and is related
to the cell state of charge (SOC). Ro denotes the ohmic
resistance, which is the internal resistance of the battery
cell. Rp and Cp represent the polarization resistance and
polarization capacitance, respectively. i is the discharge
current, and Vp is the polarization voltage across Rp, which
can be modeled as

V̇p = − Vp

RpCp
+

i

Cp
. (6)

Here we use the convention that a positive value of i
denotes discharging and a negative value of i denotes
charging. And the terminal voltage V of the battery pack
is:

V = Voc − iRo − Vp. (7)

Note that the value of Voc is based on cell SOC, and
Ro, Rp, and Cp are all related to both the temperature
and SOC of the battery cell. Therefore, (6) and (7) are
nonlinear. The dynamic of SOC is expressed as

˙SOCcell,i = −
i

3600× Ccell
, (8)

where Ccell denotes the cell capacity in Ah. In this paper,
the battery pack is assumed to consist of seven cells
with the same initial SOC, connected in series as the
power source for the EV. Note that the connection in
Fig. 1 represents the connection of coolant loop, while the
electrical connections are not explicitly depicted in Fig. 1.

In modeling the heat exchange process of the battery pack,
the seven battery cells are assumed to have the same

specific heat capacity cb and mass mb, and the thermal
inertia of a single battery cell is given by Cb = cbmb. As
shown in Fig. 1, after being heated by the HP, the coolant
has a flow rate ṁ with a temperature T1. After passing
through the three-way valve, the coolant enters Branch
a with a flow rate ṁa and a temperature T1a, and enters
Branch b with a flow rate ṁb and a temperature T1b, where
T1a = T1b at system startup. After flowing through the two
branches, the coolant fluid has two outlet temperatures,
T2a and T2b, which mix to form the temperature T2 before
entering the HP.

Taking Branch a as an illustration, the differential equa-
tions for battery cells 1, 2, 3, and 4 are:

CbṪb1 = Rb1i
2 + ṁacc(T1a − Tc1)− ha1(Tb1 − Ta), (9a)

CbṪb2 = Rb2i
2 + ṁacc(Tc1 − Tc2)− ha2(Tb2 − Ta), (9b)

CbṪb3 = Rb3i
2 + ṁacc(Tc2 − Tc3)− ha2(Tb3 − Ta), (9c)

CbṪb4 = Rb4i
2 + ṁacc(Tc3 − T2a)− ha1(Tb4 − Ta). (9d)

The first term on the right side of equations (9a)–(9d)
represents the internal resistance heat generation of the
battery cells, while the second term accounts for the heat
gain from the coolant, and the last term represents the
heat lost to the ambient air. Here, Ta is the ambient
temperature, and hai denotes the heat transfer coefficient
between the ambient air and the battery cell i. The
difference between ha1 and ha2 is that the former is used
for the first and last battery cells within a branch, while the
latter is applied to the middle battery cells. Moreover, ha1

is chosen to be greater than ha2 to account for the middle
cells’ reduced surface area in contact with the ambient air.

Furthermore, based on the energy balance within the sys-
tem, the governing equations for the coolant temperatures
in Branch a and at the outlet are given by

C2Ṫc1 = ṁacc(T1a − Tc1)− hb(Tc1 − Tb1), (10a)

C2Ṫc2 = ṁacc(Tc1 − Tc2)− hb(Tc2 − Tb2), (10b)

C2Ṫc3 = ṁacc(Tc2 − Tc3)− hb(Tc3 − Tb3), (10c)

C2Ṫ2a = ṁacc(Tc3 − T2a)− hb(T2a − Tb4), (10d)

where C2 = mclnt,acc is the thermal inertia of the coolant
in Branch a, andmclnt,a is the mass of coolant surrounding
the battery cells. On the right side of equations (10a)–
(10d), the first term represents the energy balance of the
coolant, and the second term corresponds to the heat
loss of the coolant when it transfers heat to the battery
cells. Here, hb is the heat transfer coefficient based on the
contact surface area with the battery cells. Specifically, T2a

in equation (10d) represents the temperature of the outlet
coolant. Lastly, in Fig. 1, the inlet coolant temperatures
are T1a and T1b, which are modeled in (1) and (4).

2.4 System Model with Clockwise Coolant Flow

The blue arrows in Fig. 1 indicate that the coolant flows
clockwise. In this case, the coolant enters Branch a with
a flow rate ṁa and a temperature T2a, and enters Branch
b with a flow rate ṁb and a temperature T2b. Similar to
the counterclockwise flow direction, the two outlet coolant
streams then mix, forming a flow rate ṁ and a temperature
T1 before entering the HP. Consequently, for the HP
model, the differential equations for T1 and T2 are similar
to (4) and are given by



CṪ2 = Q̇HP + ṁcc(T1 − T2). (11)

Moreover, the governing equations for the battery cells’
temperatures will also change. Taking Branch a as an il-
lustration, the differential equations for cell temperatures,
similar to (9), are given by

CbṪb1 = Rb1i
2 + ṁacc(Tc1 − T1a)− ha1(Tb1 − Ta), (12a)

CbṪb2 = Rb2i
2 + ṁacc(Tc2 − Tc1)− ha2(Tb2 − Ta), (12b)

CbṪb3 = Rb3i
2 + ṁacc(Tc3 − Tc2)− ha2(Tb3 − Ta), (12c)

CbṪb4 = Rb4i
2 + ṁacc(T2a − Tc3)− ha1(Tb4 − Ta).

(12d)

And the coolant temperatures in Branch a, similar to (10),
are given by

C2Ṫc1 = ṁacc(Tc2 − Tc1)− hb(Tc1 − Tb2), (13a)

C2Ṫc2 = ṁacc(Tc3 − Tc2)− hb(Tc2 − Tb3), (13b)

C2Ṫc3 = ṁacc(T2a − Tc2)− hb(Tc3 − Tb4), (13c)

C2Ṫ1a = ṁacc(Tc1 − T1a)− hb(T1a − Tb1). (13d)

It is worth mentioning that the inlet coolant temperatures
in the counterclockwise flow are T2a and T2b, which are
modeled in (1) and (11), respectively.

3. NMPC FORMULATION

In this section, an NMPC problem is formulated to find
the optimal control actions for the proposed BTMS. Recall
that the differential equations for describing the nonlinear
system dynamic are given in Section 2, which can be
compactly represented as

ẋ = fc(x, u) (14)

and the state vector x and control input vector u are
defined as follows

x = [SOC(b1-b7), T(b1-b7), T(c1-c5), T1a, T1b, T2a, T2b]
T ,

u = [ṁa, ṁb, ncomp]
T .

where SOC(b1-b7) denotes the seven SOC values of the
seven battery cells, T(b1-b7) represents the temperatures of
the seven battery cells, and T(c1-c5) corresponds to the five
coolant temperatures within the branches. Moreover, the
finite receding-horizon optimal control problem (OCP) at
each time step is given as follows

min
u

J(x0,u) =

N−1∑
k=0

l(x(k),u(k)), (15a)

s.t. x(0) = x0,x(k + 1) = fd(x(k),u(k)), (15b)

xmin ≤ x(k) ≤ xmax, k = 0, . . . , N, (15c)

gmin ≤ g(u(k)) ≤ gmax, k = 0, . . . , N − 1. (15d)

In the above OCP, N is the prediction horizon, and
x0 represents the initial state of the dynamic system.
fd(x(k),u(k)) is the discretized version of fc(x, u) with
a sampling time of Ts. xmin and xmax are the lower and
upper bound values, given as follows

xmin = [0(b1-b7), Ta(b1-b7), Ta(c1-c5), Ta, Ta, Ta, Ta]
T ,

xmax = [1(b1-b7), 35(b1-b7), 70(c1-c5), 70, 70, 70, 70]
T .

(16)

Recall that Ta(b1-b7) represents the temperatures of the
seven battery cells, which are initially set to the ambient
temperature Ta at the beginning of the state. For the input
constraints (15d), g(u) is given by

g(u) = [u(1), u(2), u(3), u(1) + u(2), u(1)− u(2)]
T
. (17)

Algorithm 1 NMPC-Based BTMS Algorithm

Parameters:Initial State x0, NMPC prediction horizon
N , MIP sampling time Td

1: c← 0;
2: d∗ ← 0;
3: for each time step k do
4: c← c+ 1;
5: if c = Td then
6: (u∗

0, J
∗
0 ) ← Solve NMPC 15 with initial state

xk and d = 0;
7: (u∗

1, J
∗
1 ) ← Solve NMPC 15 with initial state

xk and d = 1;
8: if J∗

0 ≤ J∗
1 then

9: d∗ ← 0, u∗ ← u∗
0;

10: else
11: d∗ ← 1, u∗ ← u∗

1;
12: end if
13: c← 0;
14: else
15: u∗ ← Solve NMPC 15 with d = d∗;
16: end if
17: uk ← u∗(1);
18: xk+1 ← f(xk, uk) as Equ. (14);
19: end for

and gmin and gmax are given by

gmin = [0, 0, 0, 0, -0.02]T , gmax = [0.1, 0.1, 0.1, 4000, 0.02]T .

Note that the constraint related to u(1) − u(2) is used
to balance the flow rates between two branches to avoid
excessive differences.

The stage cost function l in (15a) is given by:

l(x, u) =

n=7∑
i=1

α1(Tbi−Ttarget)
2 +α2(PPump +PHP ), (18)

where Ttarget is the optimal operating temperature of the
battery cells. The first term of (18) penalizes the deviation
of cell temperature from the target. The second term of
(18) penalizes the power consumption of the flow pump
and heat pump. Note that α1 and α2 are the weights of
the two terms, respectively, to balance battery cell heating
and power consumption.

The proposed BTMS algorithm is shown in Algorithm 1.

4. SIMULATION RESULTS

For simulation, α1 and α2 for the NMPC stage cost func-
tion (18) are set to 6000 and 1, respectively, and Ttarget

is set to 10oC. Moreover, the ambient temperature is
assumed to range between −15◦C and −5◦C and follows
a normal distribution, all the simulations use same tem-
perature distribution data. Likewise, we assume that the
vehicle moves in ideal conditions with constant resistance
and that the battery pack supplies a constant output
current throughout. The NMPC prediction horizon is set
to N = 25 and sampling time is set to Ts = 4.

Three case studies are performed for the proposed BTMS
system. In Case I and Case II, we set Td = Ts and Td =
40Ts, which optimize flow direction for each time step and
every 40 time steps, respectively. In Case III, the coolant
flow direction is forced to change every 40 time steps.
To demonstrate the performance of the proposed system,
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Fig. 3. Comparison of battery cell temperatures.

a non-flow-reversible pump system is also simulated and
compared. Note that in the non-flow-reversible system, all
the components remain the same as in the proposed BTMS
except that the flow direction does not change, which is
assumed to be counterclockwise for simulation.

Fig. 3 plots the simulation results. The black line with
values of 0 and 1 represents the flow direction at the
current time step, with 0 indicating counterclockwise flow
and 1 clockwise flow. For the proposed BTMS, as shown in
Fig. 3(a)-(c), the cell temperatures vary when the coolant
flow direction changes, while the average temperature
remain close to the target temperature. As comparison, for
the non-flow-reversible system, as shown in Fig. 3(d), the
temperatures of the last battery cells in the two branches,
i.e., Tb4 and Tb7, deviate significantly from the Ttarget.

Table 2 lists key metrics for performance analysis. In this
table, Tss refers to the 7% settling time, i.e., time step
at which the average temperature reaches 9.3oC for the
first time, σtr denotes the standard deviation of the cell
temperature before the average cell temperature reaches
the steady temperature, while σss represents the standard
deviation of the cell temperature after the average cell
temperature reaches the target. Finally, σall denotes the
standard deviation of the cell temperature throughout
the whole simulation. For all three σ metrics, a lower
value indicates less thermal gradients among the seven
battery cells in this phase. It can be observed that the
battery cells in the non-flow-reversible pump system fail
to reach the steady temperature at 9.3oC, demonstrating
the impact of temperature deviations in the later battery
cells on the overall battery pack. Therefore, in this case,

Table 2. Comparison of standard deviation of
cell temperature

Methods Tss σtr σss σall

Case I (Td = Ts) 645 3.540 0.833 1.997

Case II (Td = 40Ts) 669 3.463 0.724 1.946

Case III
(Fixed frequency)

720 4.016 0.800 2.344

Non-flow-reversible ∞ 3.960 1.250 2.334

we calculate σtr and σss using the cell temperatures before
and after time step 600. Moreover, Fig. 4 shows the average
temperature and standard deviation of cell temperatures
with respect to time, where Fig. 4(b) is the standard
deviation over the whole simulation and Fig. 4(c) focuses
on phase after Tss.

When Td = Ts, the average cell temperature can reach the
steady temperature in 645 seconds, a significant improve-
ment compared to the case of without direction changes.
This demonstrates the importance of flow direction control
in the proposed BTMS. However, as mentioned before,
optimizing flow direction with Td = Ts requires computing
two NMPC solutions at every time step, significantly in-
creasing the computational demand. Therefore, an alterna-
tive setting of Td = 40Ts is tested, where two NMPC costs
J∗
0 and J∗

1 are compared every 40 time steps. As shown in
Table 2, by increasing Td, Tss increases slightly (compared
to Case I), resulting in a slower warming process. On the
other hand, this is compensated by a smoother tempera-
ture distribution among cells. In addition, Fig. 4(b) and (c)
reveal that the standard deviations differ significantly for
different approaches. In particular, Case II demonstrates a
42.1% reduction in σall compared to the case of non-flow-
reversible pump system. Fig. 4(c) shows that the standard
deviation in the Case II is lower than non-flow-reversible
system at each time step. Case II achieve lowest standard
deviation in all phases. Finally, for Case III with fixed
frequency, i.e., no optimization is performed for the flow
direction, Fig. 4(b) indicates that the standard deviation
remains relatively high before Tss, rather than gradually
smoothing out as in the other cases. It can also be seen in
Table 2 that the standard deviation is significantly higher
than Case I and Case II. Those results demonstrate the
presence of a higher thermal gradient in Case III.

5. CONCLUSIONS

This paper proposed a nonlinear model predictive con-
trol (NMPC)-based optimal strategy for cell-level battery
thermal management in electric vehicles (EVs). The pro-
posed system integrates a heat pump for coolant heating,
three-way valves for flow distribution, and a flow-reversible
pump to enhance temperature uniformity among battery
cells. A mixed-integer optimization approach was utilized
to determine the optimal control inputs, where the integer
variable corresponds to the flow direction and the contin-
uous variables include heat pump compressor speed, flow
speed, and coolant flow distributions among different cell
branches. Simulation results demonstrate the advantages
of the proposed system over the non-flow-reversible pump
system, achieving a 16.6% reduction in overall temper-
ature variation and a 42.1% reduction at steady state.
These findings confirm that incorporating flow direction
control into BTMS significantly enhances thermal uni-
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formity, thereby improving battery performance in cold
environments. Future work will focus on incorporating the
flow-direction decision directly into the MPC formulation
and scaling the approach to include more cells, extending
the proposed approach to dynamic driving conditions, and
validating the strategy through real-world experiments to
further optimize EV battery thermal management.
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