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ABSTRACT
This paper proposes a novel and flexible J-type

air-based battery thermal management system (BTMS),
by integrating conventional Z-type and U -type BTMS.
With two controlling valves, the J-type BTMS can be
adaptively controlled in real time to help balance the
temperature uniformity and energy efficiency under var-
ious charging/discharging situations (especially extreme
fast changing). Results of computational fluid dynamics
simulations show that the J-type system performs better
than the U -type and Z-type systems. To further improve
the thermal performance of the proposed J-type BTMS, a
surrogate-based multi-objective optimization is performed,
with the consideration of the two major objectives, i.e.,
uniformity and energy efficiency. The concurrent surro-
gate selection (COSMOS) framework is adopted in this
paper to determine the most suitable surrogate models.
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Optimization results show that: (i) the uniformity of the
temperature distribution is improved by 38.6% compared to
the benchmark, (ii) the maximum temperature is reduced by
19.1%, and (iii) the pressure drop is decreased by 14.5%.
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1 INTRODUCTION
Electric vehicles (EVs) are likely to flourish in the near

future after a rapid development in the past few years. Sev-
eral major automobile manufacturers have added EVs into
their short-term portfolio as a response of the growing move-
ments to cut down vehicle emissions. As the only energy
source, in retrospect, the battery technologies that are uti-
lized in EV industry have progressed from low energy den-
sity like lead-acid battery, nickel-cadmium battery, to high
energy density like lithium-ion battery. The emergence of
lithium-ion battery has promoted the rapid development
of EVs. Lithium-ion battery is currently one of the most
widely used batteries in EVs due to its excellent properties,
such as high energy density, low self-charging, and low main-
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tenance. However, potential issues, i.e. safety and aging
effects, might still challenge its wide application in EVs. It
has been known that the operating temperature has a signif-
icant impact on the performance and health of lithium bat-
teries. The optimum temperature should be well controlled
in a narrow range, i.e., 15-35◦C [1], 25-45◦C [2],and 20-
45◦C [3] as reported in the literature. Otherwise, thermal
runaway may accelerate the electrode degradation and ca-
pacity deduction or even safety issues like fire and explosion,
especially under extreme fast charging (XFC) situations.
Therefore, A battery thermal management system (BTMS)
is necessary to maintain thermal surroundings, thereby pre-
venting potential safety risks.

1.1 Literature Review of BTMS
A significant amount of work has been conducted in

the literature on the design and evaluation of battery ther-
mal management systems. State-of-the-art BTMS includes
forced liquid cooling, forced air cooling, heat pipe, phase
change material (PCM), and a hybrid approach of those
technologies. Most of existing work has emphasized the
cooling aspect, while the study of heating aspect was rarely
reported.

Compared with other thermal management systems,
air-based BTMS has been widely employed in industry due
to its remarkable advantages like light weight, simple struc-
ture, and low cost. For example, Nissan Leaf [4] with pas-
sive pure air cooling has successfully updated to its second
generation and the air cooling system has proved to be reli-
able. The majority of the existing work in air-based BTMS
focuses on cooling channel design and optimization. For
example, Park [5] proposed and compared a Z-type and a
U -type air-based BTMS with simulations, and found that
the thermal requirement can be achieved by changing the
tapered manifold and pressure for both types. Xun et al.
[6] investigated the internal temperature distribution of bat-
tery cells with computational fluid dynamics (CFD) simula-
tions, and suggested that changing the counter flow arrange-
ment and direction periodically may improve the thermal
performance. Shahid et al. [7] examined the effectiveness
of multiple vortex generators with experiments, and results
showed that both the maximum temperature and unifor-
mity could be improved. Wang et al. [8] proposed to use
a surrogate based multidisciplinary optimization method to
optimize the design of air-based BTMS, thereby improving
the battery lifetime.

A liquid cooling system employs a closed liquid circu-
lation with a higher thermal capacity, making the heat dis-
sipation more effective, and meanwhile adding considerable
extra weight to the whole system due to its complicated
ancillary components like pipe, pump, and coolant. Several

types of micro channel [9] or thin plate [10, 11] structure
coupled with various kinds of coolant and heat sink have
been investigated in previous studies. For example, Zhao et
al. [12] proposed a mini-channel liquid cooling structure for
a cylindrical battery pack, and the results showed it could
control the temperature with 40◦C under a 5C discharging
situation. Wang et al. [13] investigated the cooling effective-
ness of using cylindrical tubes with silica saturated in be-
tween the prismatic batteries, and summarized the coolant
flow rates for different charging situations. Jin et al. [14]
designed a novel liquid cold plate with simple oblique fins
at their optimum angle and width, and experimental results
showed that the thermal performance was better than the
conventional liquid based BTMS. Recently it tends to shift
the foci of interest in liquid cooling research from surface
cooling to tab cooling, which has been reported to be more
efficient [15, 16].

A pure PCM cooling system generally utilizes PCM
as a heat absorption buffer and final heat sink. The dis-
sipation capacity of a PCM cooling system depends on
the properties of PCM, such as specific heat capacity and
mass[17, 18, 19]. A hybrid PCM cooling system cooperates
with air or liquid cooling to transfer the heat to the am-
bient environment[20, 21]. It was reported that the hybrid
PCM system can yield a higher efficiency than pure PCM or
forced convective cooling, especially after a long time opera-
tion [22]. Similarly, heat pipe cooling could also be broadly
divided into two categories: pure heat pipe [23] and hybrid
heat pipe [24] based cooling. A hybrid heat pipe cooling
couples with fan ventilation can effectively control the tem-
perature evenly under abusive discharging conditions [22].

1.2 Research Motivation and Objective
All the cooling technologies discussed above have al-

ready been proven to have the capability to well control the
battery temperature in an appropriate range. Among dif-
ferent types of BTMS, air cooling has incomparable advan-
tages in terms of weight and power-to-weight ratio. More-
over, the approaching air can be drawn into the battery
pack without energy consumption when driving. There are
two major types of air-based BTMS: Z-type and U -type.
Existing air cooling systems attempt to rearrange the Z-
type and U -type channel size to enable uniform air flow
rate distribution with a lower pressure drop, and hence to
lower the maximum temperature and improve the unifor-
mity among battery cells energy efficiently. It is generally
challenging to maintain the trade-off between temperature
uniformity and energy efficiency for huge battery packs, es-
pecially under XFC situations. To address this challenge,
this paper proposes a novel and flexible air cooling structure
called J-type, which is based on the existing Z-type and U -
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type. With two controlling valves, the J-type BTMS can
be adaptively controlled in real time to help balance the
temperature uniformity and energy efficiency. The J-type
BTMS can also switch to Z-type or U -type by completely
closing one of the two controlling valves.

To further improve the performance of the proposed
J-type BTMS, a multi-objective optimization is performed,
with the consideration of the two major objectives (i.e., uni-
formity and energy efficiency). First, a CFD model of the
J-type BTMS is built using ANSYS FLUENT. In order to
effectively conduct optimization, surrogate models are con-
structed to represent the objectives and constraints as func-
tions of design variables, i.e., battery cell passaging spacing
sizes, inlet and outlet manifold sizes, and mass flow rate of
the cooling air. The concurrent surrogate selection (COS-
MOS) framework is adopted in this paper to determine the
most suitable surrogate models.

The remainder of the paper is organized as follows.
First, BTMS modeling is developed in the next section, with
a detailed comparison among J-, Z-, and U -type BTMS.
Then, surrogate-based multi-objective optimization is per-
formed and BTMS optimal results are discussed. Conclud-
ing remarks and future work are discussed in the last sec-
tion.

2 BTMS MODELING
2.1 Conceptual Design of J-type Cooling System

By taking the advantages of both U -type and Z-type
air-based BTMS, a novel system named J-type is proposed
in this paper. A conceptual design of the J-type BTMS
is illustrated in Fig. 1. The battery pack in the prototype
consists of ten battery cells, and the size of each cell is set
to be 151 mm in height, 65 mm in length, and 16 mm in
width. The size of the battery cell is selected according to
Ref. [5].

Generally, a higher charging/discharging rate requires
a larger air flow rate to take away the heat, which may also
lead to discrepancies in the distribution of flow among dif-
ferent cells. Thus, the topology of battery cells in a pack
is critically important, which needs to be designed with an
optimal layout. In addition, under different operation con-
ditions (i.e., XFC, normal charging, and discharging), the
configuration of the proposed J-type BTMS is expected to
be adaptively controlled, by changing air flow rate and the
inlet/outlet manifold sizes to ensure that the system oper-
ates at an optimal status. As illustrated in Fig.1, the sizes
of passages and the inlet manifold will be optimized and
fixed by considering multiple distinct operating conditions,
while the air flow rate and the two values at the outlet (U
and Z) will be adaptively controlled in real time. The hy-
pothesis of this J-type BTMS design is that the thermal

Inlet

Outlet U Outlet Z

Valve U Valve Z

Varying passage spacing size

Battery 
cell

Cooling air

FIGURE 1. The conceptual design of a J-type air-based BTMS

performance can be improved by adaptively changing the
air flow field via controlling the valves’ opening degree at
the outlet.

The whole battery module can be maintained in a stan-
dard shape, no matter in which direction the new layers of
the battery cells are added. Assembling multiple uniform
modules can form a large-scale and compact battery sys-
tem, which provides the advantages such as high volumet-
ric energy density and large flexibility for the whole vehicle
arrangement [22].

2.2 CFD Modeling of J-type Cooling System
A three-dimensional (3D) CFD simulation model is

built in ANSYS FLUENT with the k-ε turbulence model.
The total size of the model converged to 1,800,000 elements
after a grid dependence analysis. Mass flow rate is cho-
sen as the inlet boundary condition while pressure outlet is
selected as the outlet boundary condition. Only the heat
transfer between the battery cells and cooling air is consid-
ered during the calculation. The battery cell in the model
is assumed to be a uniform heat source with an equivalent
volumetric heat generation rate of 62.5 W/L, correspond-
ing to a 3 A fast charging operation condition based on the
work of Bandhauer et al. [25] and FernÃąndez et al. [26].

A benchmark model with an even 3 mm passage spac-
ing size, an equal 8 mm inlet/outlet manifold size, and an
initial inlet mass flow rate 7.1 g/s is set up for comparison
among the J−, Z−, and U−type BTMS. The J-type out-
let structure could be simplified into a tapered manifold,
as indicated by the dashed red line in Fig. 1. Similarly,
CFD simulation models of the Z-type and U − type sys-
tems are also built with the same settings. The simulations
take approximately 15 minutes to converge using a six-core
workstation.
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2.3 Validation of J-Type Cooling System
Figure 2 shows the sandwich-like temperature distri-

butions of U -type, Z-type, and J-type BTMS with steady
state simulation results. It is seen from Fig. 2(a) that tem-
perature of the rear cells are much higher than those of
the front ones with the U -type BTMS, while the Z-type
battery cells’ temperature in Fig. 2(b) are distributed in an
opposite way. The maximum temperature and temperature
difference of both the U and Z types are approximately the
same, i.e., close to 22 K, which is relatively high under the
selected benchmark operation condition. The thermal per-
formance of the J-type BTMS is significantly better than
that of the U and Z types, which results in a maximum
temperature rise of 11.3 K and a temperature difference of
6.3 K. The J-type also performs well in terms of pressure
drop, as shown in Table. 1.

TABLE 1. Comparing three types of BTMS

Evaluation Index U -type Z-type J-type

Tmax(K) 322.3 323.5 311.5

∆T (K) 18.2 20.1 6.3

∆P (P a) 406.1 356.4 199.4

Tmax: maximum temperature ∆T : maximum temperature difference
∆P : Pressure drop

Previous studies [22, 27] have shown that both the max-
imum temperature and the temperature difference among
cells will increase significantly when a larger heat source is
added, such as under XFC conditions. Thus, the proposed
J-type BTMS is expected to provide more significant ad-
vantages over the conventional U -type and Z-type BTMS,
especially facing fast charging/discharging conditions.

3 SURROGATE MODELING AND OPTIMIZATION
3.1 Surrogate Model Selection

Given the availability of characteristically diverse well-
known surrogate modeling techniques, e.g., Quadratic Re-
sponse Surfaces (QRS) [28], Moving Least Square [29],
Radial Basis Functions (RBF) [30], Kriging [31], Support
Vector Regression (SVR) [32], Artificial Neural Networks
(ANN), and Sparse polynomial chaos expansions [33, 34],
the selection of the most suitable surrogate model for prac-
tical problems or data sets (such as our BTMS design) is far
from intuitive. This challenge has led to the development
of automated model selection frameworks over the past two
decades [35, 36, 37, 38, 39, 40, 41, 42, 43, 44]. In this paper,
we exploit our recently developed model selection frame-

work called Concurrent surrogate Model Selection or COS-
MOS [44, 45, 46], which unlike most other existing methods
coherently operates at all the three levels of variation across
models choices, namely: 1) selecting the model type, 2) se-
lecting the kernel function type, and (3) determining the
optimal values of the typically user-prescribed parameters.
The latter can be called hyper-parameters, in order to differ-
entiate them from parameters that are typically determined
during the model training process. The optimal model se-
lection in COSMOS is driven by measures of model error
or model uncertainty that serves as the selection criteria.
These model error measures are computed by the Predictive
Estimation of Model Fidelity(PEMF) approach [47], which
can be perceived as a robust sequential implementation of k-
fold cross-validation. The candidate model types available
for selection under COSMOS include Kriging (DACE imple-
mentation [48]), RBF, SVR (LIBSVM implementation [49]),
and multi-layer-perceptron ANN (MATLAB’s NN toolbox).
More information regarding the model-kernel choices and
bounds of hyper-parameter values can be found in [44].

Here, we need to construct four surrogate models, re-
spectively representing the maximum in cell temperature
or Tmax, standard deviation in temperature increase across
the cells or Tσ(Eq.1), the average temperature across cells
or Tavg, and the pressure drop between the inlet and out-
let or ∆P . The surrogate models will be mapping these
four outputs to the following 15 parameters: i) the 11 inter-
cell spacing parameters, x1 −x11, ii) the inlet manifold size,
b1, iii) the size of the two outlets b2, b3, and iv) the in-
coming mass flow rate, ṁ. The optimal surrogate models
determined by COSMOS, and their predicted median error
measures, are summarized in Table 2.

TABLE 2. Optimal surrogate models determined by COSMOS

Output Model (Kernel) HP RAE

Tavg Neural Network (MLP) 5 2.00e-3

Tmax Kriging (Exponential) 0.562 5.10e-3

Tσ Neural Network (MLP) 3 4.28e-2

∆P Neural Network (MLP) 5 8.70e-2

RAE: relative absolute error HP: Hyper-parameter

Tσ =

√√√√ 1
N −1

N∑
i=1

(∆Ti−∆T )2 (1)

where ∆Ti represents the maximum temperature rise on the
battery surface, and ∆T represents the average maximum
temperature rise among the battery pack.
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FIGURE 2. Temperature distributions of different types of air-based BTMS under 3 A fast charging operation condition

Here, the two important quantities of interest, used
later in surrogate based optimization of the BTMS, are the
temperature standard deviation across cells (Tσ) and the
pressure drop (∆P ). Based on a correlation analysis among
all input and output parameters and further numerical ex-
periments, it was found that using the surrogate model es-
timates of Tmax and Tavg as additional inputs to the surro-
gate models for the two primary quantities of interest (Tσ
and ∆P ), can lead to more reliable prediction of the latter.
This hybrid model construction is illustrated in Fig. 3.

3.2 Surrogate-based Optimization
The multi-objective optimization of the J-type BTMS

is formulated as:



find X = [x1,x2, · · · ,x11, b1, b2, b3, ṁ]
min f = [Tσ,∆P ]

s.t. V =(
11∑
i=1

+160)× (151 + b1 + (b2 + b3)/2) ≤ 36312

300 ≤ Tmax ≤ 318
0.8 ≤ xi ≤ 4.8 (i= 1,2,3, · · · ,11)
4 ≤ b1 ≤ 14
0.5 ≤ bj ≤ 20.5 (j = 2,3)
3 ≤ ṁ≤ 11

(2)
where X represents the 15 input design parameters, includ-
ing 11 inter-cell spacing sizes, xi (mm), inlet manifold size,
b1 (mm), two outlet manifold sizes, b2 (mm) and b3 (mm),
and mass flow rate of the incoming air, ṁ (g/s). The op-
timization objective f consists of two objectives, i.e., the
standard deviation in temperature across all battery cells,
Tσ, and the pressure drop between the inlet and outlet,
∆P (Pa). The constraint of V represents the volume of the
battery module; Tmax is the maximum battery cell temper-
ature, with an upper bound of 318 K [2, 3] and a lower

bound of ambient temperature.
We take a (multi-step) sequential surrogate-based opti-

mization approach, where the Pareto optimal results from
each optimization are used to perform sequential sampling
and updating of the surrogate models; the updated surro-
gate models are then again used for optimization. Here, we
repeated this process two times.

FIGURE 3. Hybrid model construction; SM stands for surro-
gate model.

3.3 Optimization Results
Figure 4 shows both the initial samples used for con-

structing the surrogate models (via COSMOS), as well as
the Pareto optimal results obtained during the two opti-
mization runs. All values shown here correspond to those
estimated by the CFD model (and not the surrogate mod-
els), in order to allow fair comparisons. The final global
Pareto frontier can be considered to be comprised of both
a few initial samples as well as portions of Pareto set ob-
tained by the two optimizations. It is also interesting to
note that the re-sampling allowed the second optimization
run to find a wider spread of Pareto solutions. However,
given the presence of initial samples in the global Pareto
front, this may not necessarily represent converged results,
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TABLE 3. Excerpts of the optimal results

Case x1 x2 x3 x4 x5 x6 x7 x8 x9 x10 x11 b1 b2 b3 ṁ Tmax Tσ2 ∆P

C0 3.0 3.0 3.0 3.0 3.0 3.0 3.0 3.0 3.0 3.0 3.0 8.0 8.0 8.0 7.1 311.5 1.4 199.6

C1 1.2 3.3 2.9 1.9 3.7 2.0 3.2 2.2 3.0 4.5 1.7 9.8 15.8 7.1 8.5 309.4 1.1 203.8

C2 0.8 4.0 2.3 1.9 4.8 2.0 4.8 1.7 2.9 4.8 4.6 9.9 5.5 10.3 10 318.3 3.4 143.9

C3 1.0 4.1 1.8 1.9 4.8 2.2 4.6 1.7 2.4 4.8 3.6 10.5 7.1 8.9 8.4 316.2 2.7 139.1

C4 1.4 3.2 2.2 1.9 2.1 1.8 2.4 1.3 3.4 1.5 1.4 12.3 11.9 12.6 7.6 308.9 0.8 190.1

C0: The benchmark case C1-C4: The optimal cases on the Pareto frontier
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FIGURE 4. Initial samples and Pareto optimal points from
surrogate-based multi-objective optimization

or might be affected by the level of error in the surrogate
models. Further investigation is needed in the future to un-
derstand these issues, accomplish better converged results.
Next, we discuss the validation and further physical anal-
ysis of the Pareto solutions with the high-fidelity thermal
simulation.

The details of several optimal cases are listed in Table
3. Case 1 and Case 4 are better than the benchmark case in
terms of both the evaluation index of Tmax and Tσ, while
Case 2 and Case 3 have advantages over the benchmark
case on the pressure drop, ∆P . Case 4 is the only case that
maintains absolute predominance over the benchmark case
with a slightly higher flow rate. A CFD simulation of Case
4 with the same mass flow rate as the benchmark is then
conducted for validation, as showed in Fig. 5.

Compared with Fig. 2, the temperature distribution
of the optimal case is more uniform, with a standard de-

300

302

301

304

303

305

306

307

308

309 K

FIGURE 5. Temperature distribution of Case 4 for validation

viation of 0.86 K, i.e., 38.6 % improvement compared to
the benchmark. The maximum temperature is 309.3 K,
and its correspondent temperature rise is 19.1 % lower com-
pared to the benchmark. Moreover, the pressure drop de-
creases by 14.5%, from 199.6 Pa to 171.7 Pa. Overall, the
surrogate-based optimization has effectively improved the
thermal performance of the J-type air-based battery ther-
mal management system.

4 CONCLUSION
A novel J-type BTMS was proposed and optimized in

this paper. The performance of the J-type, U -type, and
Z-type BTMS was compared, by analyzing the maximum
temperature, the temperature difference, and the pressure
drop between the inlet and outlet. It was found that the J-
type system performed better than the U -type and Z-type
systems.

To further improve the performance of the proposed J-
type BTMS, a surrogate-based multi-objective optimization
was performed, with the consideration of two major objec-
tives, i.e., uniformity and energy efficiency. Optimization
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results showed that: (i) the uniformity of the temperature
distribution is improved by 38.6% compared to the bench-
mark, (ii) the maximum temperature is reduced by 19.1%,
and (iii) the pressure drop is decreased by 14.5%.

Experimental evaluation and validation of the proposed
J-type BTMS will be performed in the future.
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[19] Lazrak, A., Fourmigué, J.-F., and Robin, J.-F., 2018.
“An innovative practical battery thermal management
system based on phase change materials: Numerical
and experimental investigations”. Applied Thermal En-
gineering, 128, pp. 20–32.

[20] Ling, Z., Wang, F., Fang, X., Gao, X., and Zhang,
Z., 2015. “A hybrid thermal management system for
lithium ion batteries combining phase change materials
with forced-air cooling”. Applied energy, 148, pp. 403–
409.

[21] Zhao, R., Gu, J., and Liu, J., 2015. “An experimental
study of heat pipe thermal management system with
wet cooling method for lithium ion batteries”. Journal

7 Copyright c© 2018 by ASME



of Power Sources, 273, pp. 1089–1097.
[22] Zhao, R., Zhang, S., Liu, J., and Gu, J., 2015. “A

review of thermal performance improving methods of
lithium ion battery: electrode modification and ther-
mal management system”. Journal of Power Sources,
299, pp. 557–577.

[23] Greco, A., Cao, D., Jiang, X., and Yang, H., 2014.
“A theoretical and computational study of lithium-ion
battery thermal management for electric vehicles using
heat pipes”. Journal of Power Sources, 257, pp. 344–
355.

[24] Burban, G., Ayel, V., Alexandre, A., Lagonotte, P.,
Bertin, Y., and Romestant, C., 2013. “Experimental
investigation of a pulsating heat pipe for hybrid vehicle
applications”. Applied Thermal Engineering, 50(1),
pp. 94–103.

[25] Bandhauer, T. M., Garimella, S., and Fuller, T. F.,
2014. “Temperature-dependent electrochemical heat
generation in a commercial lithium-ion battery”. Jour-
nal of Power Sources, 247, pp. 618–628.
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