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ABSTRACT
This paper develops a self-adaptive control strategy

for a newly-proposed J-type air-based battery thermal
management system (BTMS) for electric vehicles (EVs).
The structure of the J-type BTMS is first optimized
through surrogate-based optimization in conjunction with
computational fluid dynamics (CFD) simulations, with
the aim of minimizing temperature rise and maximizing
temperature uniformity. Based on the optimized J-type
BTMS, an artificial neural network (ANN)-based model
predictive control (MPC) strategy is set up to perform
real-time control of mass flow rate and BTMS mode switch
among J-, Z-, and U -mode. The ANN-based MCP strategy
is tested with the Urban Dynamometer Driving Schedule
(UDDS) driving cycle. With a genetic algorithm optimizer,
the control system is able to optimize the mass flow rate by
considering several steps ahead. The results show that the
ANN-based MPC strategy is able to constrain the battery
temperature difference within a narrow range, and to satisfy
light-duty daily operations like the UDDS driving cycle for
EVs.
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1 INTRODUCTION
Lithium-ion batteries (LIB), as the primary traction

power source, have been extensively employed in electric
vehicles due to its distinguished properties like high energy
density, low self-discharging, and low maintenance. How-
ever, several critical issues such as gradual aging effects and
narrow operating temperature range, still need to be ad-
dressed before EVs’ next massive expansion. For primary
LIB technologies nowadays, studies have suggested that the
appropriate operating temperature should be maintained
between 15◦C to 45◦C due to its intrinsic chemistry and
thermal properties [1, 2]. Otherwise, it may trigger capac-
ity reduction, electrode degradation, or even safety issues
under extreme low-temperature and high-temperature en-
vironment [3]. Therefore, it is critically important to design
and optimally control a battery thermal management sys-
tem (BTMS) with high efficiency.

A significant amount of research has been conducted
in the literature to examine and explore the heat trans-
fer medium coupled with its appropriate structures. State-
of-the-art heat transfer mediums include air, fluid, phase
change material, heat pipe, and a combination of them [4].
All the mediums other than air and fluid are still under
lab experimental stage due to their complexities and un-
stability. Air-based BTMS is currently widely applied in
light-duty EVs due to its unparalleled advantages like light
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weight, simple structure, and low cost. Although fluid-
based cooling technologies are more preferred to address the
newly-rising challenges like fast charging, air-based cool-
ing technologies are still worth to be explored especially
together with optimal control strategies because of its ex-
cellent performance. For instance, Nissan Leaf 2018 and
Volkswagen E-Golf 2017 directly utilize passive air cooling
technologies, while Renault Zoe40 2017, Chevrolet Bolt EV,
and Toyota Prius Prime use active air cooling strategies. All
these models have been successfully updated for several gen-
erations, showing that the air-based system is trustworthy
and able to meet the market expectations [5].

Existing studies of air-based BTMS have mainly fo-
cused on battery pack structure design and optimization
[6, 7]. The typical parallel-channel BTMS configuration is
usually referred to as a U -type (reverse flow) or a Z-type
(parallel flow) structure, depending on the air flow direc-
tion. Several modified structures have been proposed with
better thermal performance, e.g., uneven battery channel
interspacing size [8], tapered manifold configurations [9],
and other specific manifold structures that seek to allo-
cate the mass flow rate of each channel uniformly [10, 11].
However, the majority of these studies only optimized the
geometry structures for a single stable working condition
without adaptively modifying and controlling BTMS under
changing working conditions. As a result, when the battery
working condition changes, BTMS may fail to work as ef-
fectively as its original optimal design or lead to issues like
temperature nonuniformity and inefficiency. Several stud-
ies have proposed to use classical PID and fuzzy logic sys-
tems to control the air-based BTMS at the system level.
Because of the intrinsic limitations of U -type, Z-type, or
other through-type structures, the thermal performance is
impressive but probably far from optimum [12, 13, 14].

This paper seeks to design and adaptively control an
air-based BTMS using a model predictive control (MPC)
strategy coupled with a newly developed J-type BTMS
structure. The J-type air-based BTMS [15] was developed
by integrating the benefits of popularly used U - and Z-type
structures. The main differences between the novel J-type
and traditional U - and Z-type structures are: (i) there are
two outlets in the J-type BTMS compared to one outlet
in U- and Z-type BTMS; and (ii) two control valves are
employed to adjust the openness of each outlet, increasing
the flexibility of BTMS to switch from J-mode to either
U -mode or Z-mode. To improve the computational effi-
ciency, the channels in the J-type structure are arranged
in multiple groups and pre-optimized using surrogate-based
optimization. Then the optimized J-type BTMS will em-
ploy an MPC strategy along with three control modes, i.e.
J-mode, U -mode, and Z-mode, to effectively control the
battery temperature.

The remainder of the paper is organized as follows.
First, a lithium-ion battery electro-thermal model is devel-
oped. Then, the optimization of grouped-channel J-type
BTMS is conducted to uniform the battery pack temper-
ature distribution under a benchmark working condition.
Thirdly, an artificial neural network (ANN)-based MPC
strategy is constructed by considering an urban dynamic
driving cycle. Concluding remarks and future work are dis-
cussed in the last section.

2 BATTERY ELECTRO-THERMAL AND BTMS MOD-
ELING

2.1 Battery Electro-thermal Model
Extensive studies have indicated that the volumetric

heat generation rate of LIB is strongly affected by the
charging/discharging current, operating temperature, state
of charge (SoC), and cycles [16]. A simplified LIB heat gen-
eration model can be expressed as Eq. 1 [17].

Q̇= I(V −Voc) + IT
∂Voc
∂T

(1)

where Q̇ represents the battery heat generation rate, V and
Voc denote the open circuit voltage and the cell voltage,
respectively. T is the battery cell operation average tem-
perature, ∂Voc/∂T is named as the entropic heat coefficient,
and I is the charging or discharging current.

For simplification, the heat source in Eq. 1 is assumed
to be uniform and homogeneous, the radiation heat transfer
is neglected here, and the battery thermal behavior can be
estimated using the lumped thermal model, as shown in Eq.
2.

mCp
∂T

∂t
= Q̇−hA(Tcell−T∞) (2)

where m denotes the mass of a battery cell, Cp is the aver-
age heat capacity, h represents the convective heat transfer
coefficient, A is the effective surface area, and T∞ is the free
stream temperature of the cooling media.

2.2 Battery Equivalent Circuit Model
For the LIB equivalent electric circuit model, several

hypotheses have been proposed to characterize the relation-
ships between battery electrical characteristics and its ther-
mal behavior. The first order equivalent circuit is broadly
used for traction power source integration, as shown in Fig.
1. The electric model consists of an ideal voltage source, an
internal ohmic resistance, and a parallel RC circuit. The RC
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circuit is utilized here to interpret the dynamic responses.
All the parameters are contingent on the SoC, operation
temperature, and battery cycle. The mathematical expres-
sion of the equivalent circuit is derived and given by:

Vt = Voc− I ·RD− I ·Ro+ (I ·RD)e−
t−t0
τ (3)

where I ·RD is the potential drop on RC circuit, I ·Ro is the
potential drop on the internal resistance, and τ = RD ·CD
denotes the time constant.

These parameters in Eq. 3 can be measured using
the method of hybrid pulse power characterization (HPPC)
test. In this study, graphite/LiMn2O4 pouch battery cells
with a capacity of 1.6 Ah, and a nominal voltage of 3.75 V
are used for experiments. The heat generated by the resis-
tances Ro and RD is considered equal to the internal heat
source. The details of experiment setup, parameters analy-
ses, and results validations can be found in Refs. [18, 19].
The extracted data, i.e., current, SoC, and operating tem-
perature, is then utilized to construct the battery thermal
model.

RD

RO

CD

+

_

+
_

VOC  f (T, SoC, cycle)

V

I

FIGURE 1: First order equivalent circuit model for LIB

2.3 Visualization of Battery Electro-thermal Model
After cross-validation, a Kriging approximation with

the second order polynomial regression and exponential er-
ror estimation is utilized here to create a battery electro-
thermal model based on the experimental data. The model
inputs consist of the battery current, SoC, and operating
temperature; the model output is the volumetric heat gen-
eration rate. The deterministic response G(I,SoC,T ) with
three features is formulated as follows:

G(I,SoC,T ) = F(λ,I,SoC,T ) +R(ω,I,SoC,T ) (4)

where F is defined as the regression model, and R is the
approximation error. All the Kriging parameters λ, ω are
solved by using the generalized least squares estimation
method [20].

Figure 2 shows the equivalent volumetric heat genera-
tion rate distribution with respect to the operation current,

FIGURE 2: The equivalent volumetric heat generation rate dis-
tribution with respect to current, SoC, and temperature

SoC, and temperature. It indicates that the internal re-
sistance decreases as the operation temperature increases.
This is due to the increased electron mobility and reaction
rate at higher temperatures, which will increase heat gener-
ation rate. The calorific value is relatively low around 60%
SoC, which has also been reported in the literature [16]. Ad-
ditionally, the overall battery thermal performance is more
sensitive to the operating current than other parameters.

2.4 CFD Modeling of J-type BTMS
Ideally, the valve opening of the two control valves on

the outlets is expected to be adaptively controlled according
to the battery working conditions. However, a large num-
ber of simulations are needed to prepare the raw data under
various working conditions. So only three modes are consid-
ered in this paper for the sake of simplification, which are
the J-mode, Z-mode, and U -mode, as presented in Fig. 3.
The BTMS prototype consists of ten battery cells, with a
geometry size of 151 mm in height, 65 mm in length, and
16 mm in width.

Inlet

U-valve

X1 X3 X4

Z-valve

U-mode

Z-mode

J-mode

X2

Left part Right part

FIGURE 3: Schematic diagram of a J-type air-based BTMS

Figure 4 shows the CFD meshing settings of the J-
type BTMS. The total mesh size converges to 1,700,000 ele-
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FIGURE 4: The 3D mesh setting of J-type CFD model

ments after grid independence analysis. The inlet and outlet
boundary conditions are mass flow rate inlet and pressure
outlet, respectively. Radiative heat transfer is neglected
because the temperature difference is small. The battery
cell is considered to be homogeneous with a uniform heat
source.

3 SURROGATE-BASED OPTIMIZATION OF J-TYPE
BTMS
Our previous studies have found that the BTMS struc-

ture, channel interspacing size in particular, have remark-
able influence on the system performance [10]. In this study,
surrogate-based optimization is employed to minimize the
maximum temperature of battery cells by optimizing the
interspacing sizes of grouped-channels. With the optimal
structure, BTMS can adaptively adjust the opening degree
of the two valves in the J-type structure and the air mass
flow rate, seeking to uniformize the temperature among all
battery cells.

3.1 Surrogate Model Selection
The Latin hypercube method is employed to perform

a design of experiments (DoE). The four grouped-channel
interspacing sizes are chosen as the design variables, as illus-
trated in Fig. 3. All CFD simulations are conducted under
the predefined benchmark working condition, in which the
mass flow rate is set as 7.1 g/s, and the equivalent heat
source is approximately 33,800 W/m3. The heat source
is defined by the battery electrol-thermal model under the
benchmark electric condition of 3 C-rate discharging cur-
rent, 1 SoC, and 300 K environment temperature, and is
hooked into Fluent simluations using a user-defined func-
tion. A total of 50 simulations are conducted, 75% of which
are utilized as training data, and the rest are treated as test
data.

An ensemble surrogate model is developed for BTMS
modeling. A large pool of surrogate models are first con-
structed, which consists of five major groups of surrogate
models and there are 62 submodels in total regarding dif-

ferent kernel functions or hyper parameters, e.g., Artificial
Neural Network (ANN), Kriging/Gaussian Process Regres-
sion (GPR), Support Vector Machine (SVM), Radial Basis
Functions (RBF), and Polynomial Response Surface (PRS).
During the ensemble member model selection and training
process, a weighted evaluating criterion is employed here
to determine the appropriate models after K-fold cross-
validation. Adopted criteria include the normalized max-
imum absolute error (NMAE) and normalized root mean
square error (NRMSE), as given by:

NMAE = 1
n

n∑
k=1

∣∣∣∣ ŷk−yk
ymax−ymin

∣∣∣∣ (5)

NRMSE = 1
ymax−ymin

√∑n
k=1 (ŷk−yk)2

n
(6)

where ŷ, y, ymax and ymin denote the corresponding esti-
mated value, actual value, maximum value, and minimum
value, respectively. n is the number of test data used in
evaluation.

Tabel 1 summarizes the top 6 surrogate models selected
from the cross-validation evaluation. These six submod-
els are integrated together by using the weights calculation
method from the Extensive Adaptive Hybrid Function (E-
AHF) [21, 22].

TABLE 1: The top 6 surrogate models selected from the
cross-validation evaluation

Model-Kernel NMAE NRMSE

GPR-Ardmatern32 3.97 5.23

GPR-Matern32 4.11 5.57

RBF-Cubic 4.14 5.40

PRS-Cubic 4.27 5.59

RBF-TPS 4.37 5.94

KRG-Poly2gauss 4.73 6.41

The estimations and errors of the ensemble surrogate
model and the selected member models are shown in Fig. 5.
Note that the ensemble model does not necessarily perform
the best at every local estimation due to the high nonlinear-
ity of the problem. However, the ensemble model captures
the overall trend of the problem and provides the best global
accuracy.
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FIGURE 5: Surrogate model estimation and error

3.2 Surrogate-based Optimization and Resampling
The objective is to minimize the maximum temperature

Tmax = f(x1,x2,x3,x4), and the optimization problem is
formulated as:

argmin
X

Tmax = f(x1,x2,x3,x4)

subject to 2.0≤ xi ≤ 5.0 i = (1,2,3,4)
(7)

where x1−x4 represent the grouped interspacing size from
the left side to the right side.

The genetic algorithm is adopted here to perform the
surrogate-based optimization. Figure 6 shows the overall
framework of surrogate-based optimization and resampling.
Here, a two-stage cluster resampling method is employed,
in which the first stage is to cluster the candidate opti-
mal solutions from a surrogate model pool, and the second
stage is to generate the adaptive samples using a Gaussian
mixed model (GMM). The newly added samples consist of
two parts: the selected optimized solutions and the samples
generated by GMM. The optimization and resampling pro-
cess are stopped when the convergence criterion is met, as
defined by:

BIAS =

∣∣∣∣∣Y ∗k −Y ∗k−1
Y ∗k−1

∣∣∣∣∣≤ 0.001 (8)

where Y ∗k and Y ∗k−1 are the best optimization result of
the k-th resampling and (k-1)-th resampling, respectively,
and 0.001 is a predefined convergence torelance. After two
rounds of resampling, as shown in Fig. 7, the resampling
results converge to a small design range, where the bias
equals to 9.3E-104. The best sample among all the resam-
pling data is regarded as the optimal solution.

The optimal BTMS design is summarized in Table 2.
Compared with the benchmark case with a uniform spacing

Design of 
Experiments (DOE)

Sensitivity Analysis

K-fold Cross 
Validation 

Hybrid model  Optimzation 

Artificial Neural Network (ANN)

Kriging/ Gaussian
Process Regression  (GPR)

Support Vector Machine (SVM)

Radial Basis Function (RBF)

Polynomial Response Surface (PRS)
Surrogate 

model
Evaluation 

CFD Simulations

K-means

GMM

Hierarchical

Gaussian 
Mixture Model 

Disribution

Resampling

Stop Criterion

TerminateClustering

ADAPTIVE SAMPLING OPTIMIZATION
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SURROGATE MODEL POOL

FIGURE 6: The framework of optimization and resampling
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FIGURE 7: The optimization and resampling results

size, the optimal J-type BTMS has a 35.3% reduction in
temperature rise, and a 63.4% improvement in temperature
uniformity with a cost of 7.5% augment in pressure drop.
The CFD simulation result of the optimal J-type BTMS
design is illustrated in Fig. 8. It shows a small tempera-
ture standard deviation of 0.46 K. Though the structure
optimization is performed under the benchmark working
condition, this optimal structure is also able to uniformize
the temperature distribution to some extent under dynamic
working conditions, by adaptively controlling the opening
degree of the two valves and the air mass flow rate. When
the temperature difference between the left section and the
right section accumulates to a certain level, the two control
valves will change their opening degrees to shift the current
cooling mode to another appropriate operation mode.

4 ARTIFICIAL NEURAL NETWORK BASED MODEL
PREDICTIVE CONTROL

4.1 ANN Control Model Construction
As mentioned above, in order to prevent unnecessary

operations of the two control valves, there are only three
operation modes available for the J-type air-based BTMS,
i.e., J-mode, U -mode, and Z-mode, as illustrated in Fig.
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TABLE 2: The optimal design of J-type BTMS

Parameter x1 x2 x3 x4 Tmax Tσ ∆P

Unit mm mm mm mm K K Pa

J-Benchmark 3 3 3 3 302.15 1.43 347.25

J-Optimized 2.8 2.7 2.2 2 299.98 0.46 391.28

FIGURE 8: CFD simulation validation of the optimal J-type
BTMS design

3. A total of 90 CFD simulations are conducted for every
mode to characterize the relationship among the mass flow
rate, battery temperature, and equivalent heat generation
rate. Pressure drop is neglected here, though it is highly re-
lated to energy consumption and operating efficiency. Note
that the simulations are set in transient mode with a time
interval of 5 seconds, which makes the dynamic estimations
of different parameters easier by dividing the continuous
changing working conditions into discrete steady-state con-
ditions of every 5 seconds and then integrating back to get
the final results.

The battery temperature predictor is modeled via sur-
rogate modeling with five inputs, which are the current
stage: (i) the maximum temperature at the left side of
battery module Tleftk , (ii) the maximum temperature at
the right side of the battery module Trightk , (iii) operation
mode Mk, (iv) mass flow rate ṁk, and (v) heat generation
rate Q̇k. There are three outputs of the surrogate model,
i.e., Tleftk+1 , Trightk+1 , and ṁk+1, which are the left side
maximum temperature, the right side maximum tempera-
ture, and the operation mode of the next stage, respectively,
as shown in Fig. 9. The operation mode is designed to
switch from one to another when the temperature differ-
ence of the battery module exceeds 1 K as given by:

If Tref −Tright > 1 K, then switch to U −mode
If Tright−Tleft > 1 K, then switch to Z−mode

(9)

By continuously controlling the operation mode, the
temperature difference of the battery module is expected to
be fully constrained within a reasonable range. Due to the
highly nonlinear nature of the BTMS model, linearized PID
control or fuzzy logic control may lose their accuracies un-
der changing control conditions [23]. In this study, an ANN
model is employed to establish the control system with a
feed-forward structure and two hidden layers. The NRMSE
of the ANN model is 11% by cross-validation. Moreover,
given the appropriate discharging rate and its correspond-
ing heat generation rate, the mass flow rate is constrained
within 0.012 kg/s.

Neural Network
Model

Battery 
Temperature 

Predictor

Operation Mode 
Evaluator

Forecasted 
Working 

Condition

Reference 
Temperature 

Trajectry
Controller

Plant

FIGURE 9: The architecture of the ANN controller

4.2 Case Study of ANN Control
Ideally, BTMS as well as battery management system

should be controlled adaptively according to driving situa-
tions, which could be forecasted based on the driver’s per-
sonal driving habits and vehicle stream, or transmitted di-
rectly from the autopilot system. In this study, the EPA
Urban Dynamometer Driving Schedule (UDDS) illustrated
in Fig. 10(a) is directly applied to test the thermal man-
agement system along with the ANN control strategy. The
battery system of the EV consists of 8 series in parallel, and
every series has 100 battery cells. The nominal voltage is
as high as 375 V .

For a moving vehicle, the equivalent traction power can
be estimated using Eq. 10.

P = V

1000η [mg(µcosα+sinα) + 1
2ρAfCdV

2 +m
dV

dT
] (10)

The vehicle parameters and UDDS driving conditions are
tabulated in Table 3. Correspondingly, the power profile
is shown in Fig. 10(b), where the negative power repre-
sents the portion that can be regenerated back into the
battery system by a regenerative brake system. Note that
the reversible heat is significantly less than the resistance
heat, and the charging heat can also be estimated with the
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TABLE 3: Specification and driving condition (TESLA Model 3)

Mass m 1,875 kg Gradient α 0

Windward area Af 2.22 m2 Air friction Coeff Cd 0.24

Standard gravity g 9.8 m/s2 Motion efficiency η 0.98

Air density ρ 1.16 kg/m3 Rolling resistance µ 0.01

Velocity V - Regenerative Coeff ηr 0.8

electro-thermal model. The equivalent current and the SoC
are shown in Fig. 10(c). In this study, the SoC is defined
using the Coulomb counting method, as given by:
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FIGURE 10: Profiles of the UDDS driving cycle

SoC = SoCinit−
∫
idt

Q
(11)

where SoCinit and Q denote the SoC of the initial stage
and the battery capacity, respectively.

A reference temperature with two portions is predefined
based on the UDDS driving cycle: a climbing section that
has a temperature rise of 6 K in 20 minutes, and a sta-
tionary section of 309 K for the rest of the cycle time. All
these parameters are imported into the ANN control sys-
tem, as shown in Fig. 11. Figure 11(a) shows that the
BMTS starts with J-mode, where the left side temperature
Tref is dominating. The temperature difference reaches the
tipping point in about 11 minutes, and the operation mode
switches from J-mode to U -mode. Most of the air flows out
of the package from the U -valve, which lowers the battery
temperature of the left side and prevents a larger tempera-
ture difference. As presented in Fig. 11(b), the mass flow
rate is able to adaptively follow the dynamic inputs of heat
generation rate under varying working conditions. The re-
sults also suggest that the air cooling is capable of dealing
with light-duty daily driving cycles like UDDS.
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FIGURE 11: ANN control profile of the UDDS driving cycle
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4.3 Case Study of ANN-based MPC Strategy
Though the ANN controller is able to successfully con-

trol the battery temperature within a narrow range, it is
recognized from Fig. 11(b) that the system fails to fore-
see the rapid increasing temperature, thus resulting in the
full load running of the cooling system. As a sequence, the
BTMS switches to U -mode that has a relatively lower cool-
ing efficiency. To further improve the cooling efficiency, a
MPC control strategy is integrated with the ANN system,
as shown in Fig. 12.

Neural Network
Model

GA based
 Optimizer

Battery 
Temperature 

Predictor

Operation 
Mode Evaluator

Forecasted Working 
Condition

Reference 
Temperature 

Trajectry

ANN Based MPC Controller

Plant

FIGURE 12: The architecture of ANN-based MPC strategy

The genetic algorithm is adopted here to optimize the
temperature difference between the reference temperature
trajectory and the battery maximum temperature, as given
by:

argmin
ṁ

J =
3∑
k

(Trefk −Tmaxk)2

subject to 0≤ ṁ≤ 0.012

(12)

where ṁ denotes the mass flow rate, Tref is the refer-
ence temperature trajectory, and Tmax is the maximum
temperature of the battery module, defined as Tmax =
max(Tleft, Tright). The predictive horizon covers three
samples, i.e., 15 seconds in total.

Figure 13 shows the temperature and mass flow rate
profiles of the ANN-based MPC strategy. By forecasting
the forthcoming load, the control system is able to lower
the temperature in advance and provide more control ca-
pacity to the system. Compared with the mass flow rate
with the ANN control, the ANN-based MPC strategy is
more effective, especially in the range between 100 s and
250 s. The NRMSE between the maximum battery tem-
perature and the reference temperature under the ANN-
based MPC strategy is 8.5E-4 K compared to 1.3E-3 K
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FIGURE 13: ANN-based MPC profile of the UDDS driving cycle

of the ANN control, as illustrated in Fig. 14. It also sug-
gests that the overall temperature difference between the
left part and right part of battery module under the ANN-
based MPC strategy is much smaller than that of the ANN
control case. From the perspective of energy efficiency, we
also observe is that the air consumption under ANN-based
MPC is much less than that under the ANN control due
to different cooling efficiency. Overall, the developed self-
adapting intelligent J-type BTMS via ANN-based MPC is
capable of controlling the temperature rise as well as the
temperature uniformity in a reasonable range.
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5 CONCLUSION
This paper developed a self-adapting air-based J-type

battery thermal management system. Based on the newly-
established electro-thermal model, surrogate-based opti-
mization was first performed to optimize the structure of
the J-type BTMS. Results showed that the optimized J-
type BTMS has a 35.3% reduction in temperature rise, and
a 63.4% improvement in temperature uniformity, with a cost
of 7.5% augment in pressure drop compared to the bench-
mark case.

Based on the optimized J-type BTMS, an ANN-based
MPC model was developed and tested with the UDDS driv-
ing cycle. Results showed that the mass flow rate and
BTMS operation mode could be adaptively controlled under
dynamic working conditions, and the battery temperature
difference could be constrained within a narrow range. We
also found that the ANN-based MPC strategy performed
better than the ANN controller, thereby improving the over-
all BTMS cooling efficiency. Potential future work will in-
tegrate the self-adapting J-type battery thermal system to-
gether with the operations of other equipments like air con-
ditioner for an optimal battery discharging scheduling.
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