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Abstract

Electric Vehicles (EVs) are estimated as the most sustainable solutions for future transportation
requirements. However, there are various problems related to the battery pack module and one
of such problem is invarde hightemperature differences across the battery pack module due
to the discharging and charging of batteries under operating conditions of Hiys.
temperature differences across the battery module contribudeg@dationof maximum

charge storagand capacityof Li-ion batteries whichultimately affects the performanaef

EVs. To address this problem, a Finite Element Modelling (FEM) based Automated Neural
Network Search (ANS) approach is proposed. The research methodology constitutes of the
four stages: Design of agooled battery pack module, setup of the FEM constraints and
thermal equations, formulating the predictive model on generated data using ANS and lastly
performing multiobjective response optimization of the best fit predictive midigrmulate
optimum design constraints for the -aooled battery module. For efficient thermal
management of the battery module, an empirical model is formulated using the mentioned
methodology for minimizing the maximum temperature differences, stamtisdtion of
temperature across the battery pack module and battery pack volume. The results obtained are
as follows: (1) The battery pack module volume is reduced from 0.0032390r002321rh

by 29.21%, (2) The maximum temperature differences acrossghecells of battery pack
module declines from 6.81K to 4.38K by 35.66%, and (3) The standard deviation of
temperature across battery pack decreases from 4.38K to 0.93K by 78.69%. Thus, the
predictive empirical model enhances the thermal managemerdgadety factor of battery
module.

Keywords: Battery thermal management system; Head conductior;ooling; thermal

efficiency; Energy storage;
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1 Introduction

The EVs operated on battery packs has become popular due to there less carbon footprints
compared to conventional vehicles and is being highly incentivized by major consumer
countries around the world{2]. The threat of climate change and increasing wiggecy on

fossil fuels in a long term scenario have started a movement in automotive industry to develop
sustainable technologies [3]. EVs are also been seen as a new power sources for electric utilities
[4-5]. It cannot be said that EVs are 100% environtfigendly, because the electricity needed

for charging is still majorly produced from fossil fuels which has large carbon footprints also
the metals used in batteries are harmful and rare [6]. However if Well to Wheel (WTW)
analysis of EVs and conventiainvehicles are compared it can be said that EVs are less
polluting if electricity required for charging is generated from renewable energy sources[7].
The lithiumion batteries (LIBs) are preferred as power source of EVs over other types of
batteries, beause of power requirements of EVs which can be satisfied by LIB&][&igh

energy density and long cycling life make LIBs the preferred option for use in EMs3[12

Set of hundreds of Lithiuron cells are connected in certain pattern to form a lyaptack

module such that it provides enough power to maintain driving conditions of EVs [13]. These
lithium-ion cells of EVs work at a higher value of discharge rate of current producing enormous
heat, which gets confined in battery pack module leadirterotal runaway dEnergy Storage
SystemESS. This results in temperature rise in the battery pack module and accelerated aging
of lithium-ion cells in the pack. Due to these reasons, charge acceptance, energy capability,
power capability and reliability fobatteries are reduced[14]. However, LIBs have high
performance at an upper bound temperature o
increases as the temperature is increased from room temperature to considerably high
temper at ur es ( aAlsou vedy low Sempefature Jare found to affect the

performance of LIBs, at stiero temperature LIBs discharge capacity is reduced due to the
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impedance effect [16] and when charging at high rate while temperature is low, the

phenomenon of lithium platingcours leading to reduced battery life [17]. Its been observed

battery pack should have a maximum temperatu

bet ween cells in battery pack should be bel

working life of a lattery[15, 18, 19]. Therefore, a thermal management system is required for
battery packs to reduce the heat and maintain an optimum favourable temperature inside a

battery pack for better performance of LIBs{29).

Battery pack thermal management is maitihssified into three categories. First, is a natural
cooling system where the air is the fluid, heat generated by LIBs is exchanged by natural
convection process inside the case[21]. Second, is forced cooling system where fluid can be
liquid or air, hee forced convection occurs inside battery pack when coolant(liquid or air) is
introduced in gaps of cells by an external force, such as fan or blowZ#]2The forced
cooling system has better performance than natural cooling system but natural saolimng i
economical than forced cooling, there is a traffebetween factors such as weight, power
consumption and economical factor[2Third is the Phase Change Material (PCM) cooling
systemthe PCM systentan be a good choitecause the latent healated with melting and
freezing are capable of storing more heat than sensible thermal 28r2dg When Liion

cells are under working conditions, the PCM will maintain theaohi cells at a certain
temperature while passively storing the heat. Oneehtat generating components-iam

cells) are shubff the PCM will begin to solidify. The PCM based cooling system is efficient

in decreasing temperature but there are also challenges for PCMs poor thermal donducti
which decides the thermal transpefficiency, which limits PCMs application where instant

response is required to thermal surge [25].

Major studies have been carried out using rdiliensional numerical analysis and thermal
resistance models. Certain design configurationsaictooled battery pack system are

3
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numerically modeled and theoretically investigated by Park et al.[26] to get the required
thermal specifications. The investigation was conducted on the cooling effect of five different
air-flow configuration of a battergystem with 36 cells battery pack. It was concluded that the
desired cooling performance is attained by using the pressure relief ventilation and tampered
manifold without disturbing the design of the existing battery system. Using numerical and
analytica modelling the flatplate battery stacks and cylindrical battery stacks were compared
by Xun et al.[27] for getting required air cooling conditions. Two dimensionless parameters,
cooling energy efficiency and compactness of battery stacks were varietveasiconcluded

that the cylindrical battery stacks were less compact and more efficient under air cooling
conditions. Yang et al.[28] concluded that considering design requirement and air cooling
conditions, a battery pack in aligned arrangement gexselatver temperature compared to a
staggered arrangement, but the only drawback is it requires more space comparatively. It is
concluded by Wang et al.[29] that when the fan is located on top of the battery pack,module
best cooling performance is obtainédso 5> cubic arrangement is proposed for a battery
pack with 24/25 arrangement for-ldn 18650 cells. This occupies lesser space and better

cooling is obtained compared to 1X24 and 3>X8 arrangements of cells in a battery pack.

Previous work of authorkas utilized genetic algorithms, support vector machine, response
surface method, and surrogate modeling combined with Computational Fluid Dynamics (CFD)
tools to address the issue of temperature optimization of battery packs. Li et al.[30] reported
simultaneous system volume and cooling performance optimization using CFD based surrogate
modelling and found 34% decrease of system volume and 51.9% decrease of maximum
temperature differences. Liao et al.[31] presented optimization of temperature diffdances
better thermal performance of battery pack using Central Composite Design (CCD) and
Response Surface Methods (RSM). Yun et al. [32] designed a framework for simultaneous

minimization of battery pack volume and temperature differences using Suppodr Vect
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Regression (SVR) combined Genetic algorithm approach and the model was optimized using
Simulated Annealing (SA). It was found a decrease of 29% in volume and 42% in temperature
difference was reported. In brief, these researches focused on the mstaisealgorithms

whose performance is sensitive to choice of settings and often has to be combined with other
complex optimization algorithm to optimize it. However, this work illustrates a simpler Finite
Element Modelling (FEM) based Automated Neural NetwSearch (ANS) approach for
minimization of temperature related effects and volume of the pack. Settings in ANS approach

Is selected automatically based on effective search mechanisms.

Current study focused more on optimization of design and configarafibattery pack to
reduce volume andmaximum temperaturaifferences simultaneously. o@sidering the
working conditions of EVs, temperature differences and distribatiemportantfactorwhich

are difficult to optimize [3-35. Moreover, consideringimcooling factorssimultaneos
optimization of battery pack volume is importamtsave space in EVHB However, the past
literature's hardly considered all these aspects simultaneously for comprehensive optimization
of battery pack module. In this cemxt, a comprehensive FEM based ANS approach is
proposed. In this proposed approach, firstly the data generated from Finite Element Analysis
(FEA) on battery pack module is fed into ANS architecture for generation of métdel§ve
geometric parameters é@wolume of battery modulare consideretbr modeland the output
parameters to be optimized are Maximum temperature differences (TD), Standard deviation of
temperature ($D) andbattery packolume(V). Therefore, motivation of study undertaken is

to design an efficient battery pack air cooling system, which optimizes the system volume and
cooling performance simultaneously. This paper is structured as follows. Section 2 presents
detailed descriptio of the research problem. Section 3 proposes the comprehensive design
optimization methodology along with the numericeddel. Section 4 provides with results and

discussions. In section 5, conclusion is presented.
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2 Research problem statement

This sectiondescribeghe research problemn optimization of operational parameters in air
cooling system of battery pack module for obtaining optimal working conditions for EVs
shown in Fig.1A battery pack module containing eight cells is chargeddesutharged under

normal driving conditions as defined in National Renewable Energy LaboratdryS@me
innovatory ideas were undertaken by assuming the uneven spacing between cells. An uneven
gap spacing did not significantly influence the maximum teatpeg rise of the battery pack
module but, it affects the temperature distribution of module. For rigonwestigation, a

similar battery module is designed and parameterized, as shown in Fig. 2. The operational

parameters are defined as follows:

X1: Spacing of four cells near the closed end of battery pack module.

X2: Spacing of four cells near the outlet and inlet for air cooling of lygtck module.

X3: Spacing in alignment with inlet, between top of the battery cells to the upper board of

battery pack module.

X4: Spacing in alignment with outlet, between top of the battery cells to the lower board of

battery pack module.

v: Mass flow rate of cooling air in battery pack module.

The aimis to analyse the effects of the mentioned five infegignparameters othe cooling
performance. Based on optimization and subsequent analysis, the findings shall propose a new
design of the battery module with better thermal management and minimum volume. For an
efficient air cooling of battery module under normal drivingyditions, three objectives are

thus defined as follows:

TD: Maximum temperature differences of eight cells (w.r.t the mean temperature).



166

167

168

169

170

171
172
173
174
175

176

177

178

TSD: Standard deviation of temperature.

V: Volume of the battery pack module.

Table. 1. Properties of the unit cells used in battery pack model.

Heat generation rate 28, 000 (W ¥) (1.3 x US06)
Tested drive cycle (aggressive) 600 sec
Power profile 1.3 x US06
Eight Li-ion cells rating 15 Ah
Ambient temperature 27°C
Active area dimensions 6 x 145 x 255 mm
Specific heat capacity 745 J kgt K1
Thermal conductivity 27 W mtK?
Density 2335 kg nr

(nir,lirAniz,e’ ) ’V
I ET ETl EUA 4%
minimize TSD

Such that it follows the constraints of equation 4.

Operating condition

Battery pack module working conditions in different
driving conditions, data collected from market and
previous works on battery pack module.

Input parameters * + Output parameters

X1
Xy T > Thermal managment | ———>» V
of battery pack

X3 module D
X4 — 3 — 3 TSD
U - _J

Y Y

Problem

Over-heating of battery pack module, accurate prediction
of thermal managment parameters and optimization of
design variable of battery pack module for minimizing
output variables.
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Fig. 1 lllustration of research problem statement undertaken.

X
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Fig. 2 Schematic diagram of battery module with five design variables

3 Finite Element Modelling based Automated Neural Network Search approach

This section discusses the comprehensive FEM based ANS approach shown in Fig. 3. The

approach is illustrated in two subsections 3.1 and 3.2 as follows.



Design of air cooling battery X FEM

module
—p-Consideration of current models in market and o ry, |Defining the material properties,desgin variables
problems associated with them, analyzing the I m'eerrT and heat genertaion equation parameters.
previous works on thermal managment of battery
pack module,Collection of data from market for ) ( oG e A e e

design of module eight cells, the temperature standard deviation|

and the volume of the battery pack module are

= Design of air cooling for battery pack module e T evaluated by FEM.
censidering important design variable,using Iniet r 4
ANSYS.
¥

Y

[ Data generated ]

ANS Analysis

—»-Predictive model is formulated using data generated,
Selection of best fit model for better prediction.

- Response optimization, interaction analysis,
Sensitivity analysls, and profiling of variables
carried out on predictive model.

—®=Selection of best set of optimized values for
desgin variables for minimizing output variable.

192
193

194  Fig. 3 Finite Element Methodology based Automated Neural Network Search approach

195

196

197

198 3.1 Finite Element Method (FEM)

199 FEM numerical approach is used for modeling thermal behaviour of battery module in EVs.
200 These analysis takes the total area of module and divides it into a finite number of sub

201 domains/elements. It also uses variation methtod get the solution of the problem by
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minimizing the error. ANSYS software is used to perform Finite Element Analysis (FEA), it
is a widely accepted commercial software package. The knowledge on each of the materials

used in the battery module is reqdifer FEM approach to obtain the accurate results.

The FEM was applied on battery pack module (Fig. 4) for thermal management. According to
working conditions of battery pack, the heat generation of module is set to value of 28,000
W/m3, which is 1.3 timesiormal heat generation conditior®7]. The spatial temperature

distribution in each element of the battery pack module is governed by equation 2,

rTYr’yr'ynag pr’y

® 76 16 @ ifo"
] YQ "Yoogi2 8 o
n VT
where, x, Yy and z are spatial directions,

diffusivity (m% 7).} is the rate of the internal heat generation per unit voltRnis, the
equivalent resistance ofion cell,i is the discharge current of-ion cell per unit volume:
is the Faraday number afdIS is the entropy changearameters fofy are referred from

equation 3.

The results obtained are verified including considerations of fithesgion accuracy and
mesh independence for the thermal analysis and optimization algorithm. The study aims to
demonstrate the effectiveness of rgyadient based optimization in searching for optimum cell

arrangement and reveal design principles thabeaapplied for battery thermal management.

After constructing the geometry, meshing, heat generation and governing equations are
subsequently applied. In APDL, solid geometry are generally meshed automatically with
restraints. For this case, the computadianeshes are generated in quadrilateral elements with

an edge length of 0.2 cm and maximum aspect ratio of 1.5 for reasonable computing time. As

10
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the geometry is altering, the number of elements constructed varies from 5,000 to 10,000.
Meshes in the corare refined by increasing the mesh densitgdbievehigher accuracy in

simulating the thermal response.

Authors have done tri@nderror analysis for investigating mesh influence on performance of
model.In order to improve the accuracy in FEWdelling, the number and shape of elements
generated are increased and tuned for this particular design. Even the meshes in APDL are
created automatically, the size level of elements is further altered to the smallest value by
instructing stricter restrats. Ideally, there is not much change in the temperature difference as

well as its standard deviation.

The air cooling battery module (Fig. 4) is analyzed in ANSYS by incorporating the basic
required information as mentioned in7f38]. The input paramets Xi, Xo, X3, X4andv are

varied in battery pack module for the evaluation of maximum temperature difference (TD) of
eight cells (w.r.t the mean temperature), Standard deviation of Temperature (TSD) and volume
of battery pack module (V). In the present work, the heat generatiens fixed. All three

outputs are dependent on all five input parameters and the input parameters are varied as shown
in equation 4. 50 data samples (TaBJevere generated from this process which is then fed

into architect of ANS approach for formtitan of models for three objective parameters (TD,

TSD, V) with respect to the five design variableg, %, X3, X4, v). The following section

discusses about ANS approach.

1 mme x, ¢ 4 mm,1 mme x, ¢ 4 mm,1 mm¢ x, ¢ 4 mm,1 mmg x, ¢ 4 mm

0.002 Kg/s¢v¢0.02 Kg/s . (4)

11
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Table 2. Data generated from thermal modelling of battery pack using FEM

0.00

100.00

200.00 (mm)
]

50.00

150.00

Fig. 4 Computational region of battery module for air cooling.

Input parameters Output parameters
Run X1 (mm) X2 (mm) X3 (mm) X4 (mm) v (kg/s) V (m3) TD (K) TSD (K)
nlol 211 1.81 3.73 1.21 0.00974 0.002518 8.57999 4.93789
2 1.39 3.55 1.45 2.89 0.01478 0.002636 5.02078 1.11791
3 2.23 1.09 1.27 211 0.0119 0.002405 5.09854 1.71818
4 1.33 2.29 211 1.03 0.01262 0.002412 9.9375 5.1425
5 1.93 2.65 1.33 1.87 0.0191 0.002581 4.45999 0.954862
6 3.49 3.85 2.35 3.43 0.0101 0.003112 7.56027 2.06045
7 1.87 211 3.97 3.37 0.01442 0.002559 5.32123 2.1044
8 3.61 3.31 3.49 2.77 0.00578 0.003062 9.5433 5.13151
9 3.43 2.35 121 1.63 0.01622 0.002812 5.95364 3.40527
10 2.71 3.67 3.43 2.53 0.01802 0.002938 8.49246 4.27937
11 1.45 3.25 1.39 1.57 0.00758 0.002577 7.05188 2.90261
12 3.25 3.43 1.99 2.23 0.00218 0.002969 9.9736 3.73074
13 1.63 3.73 3.01 3.61 0.01082 0.002751 6.89923 2.86642
14 2.89 2.77 2.05 3.85 0.00362 0.002832 8.20624 2.39122
15 3.07 1.39 2.59 3.91 0.01334 0.002665 5.30655 1.25034
16 1.81 3.37 3.13 3.07 0.0029 0.002723 9.8786 4.67427
17 1.51 1.45 2.17 1.69 0.00434 0.002331 8.08087 3.81214
18 2.35 2.53 1.15 3.79 0.01118 0.002674 6.44733 2.0034

12




19 2.77 1.63 3.25 2.17 0.00254 0.002625 9.44736 4.16184
20 3.31 1.51 3.91 2.35 0.01154 0.002726 7.00259 4.73956
21 2.65 1.57 1.63 3.25 0.01874 0.002583 4.67157 0.943342
22 3.67 2.95 1.09 2.95 0.01226 0.002972 8.47672 2.42016
23 2.29 3.91 151 2.83 0.00722 0.002862 6.71506 2.24993
24 2.05 3.01 2.83 1.27 0.00326 0.002675 10.5788 5.3401
25 2.95 3.49 1.81 2.65 0.01982 0.002926 5.33734 0.989422
26 3.37 3.07 1.75 1.15 0.00902 0.00291 8.75858 4.42346
27 1.15 3.61 2.95 1.81 0.01046 0.002607 9.96359 5.38074
28 3.55 2.59 3.37 1.39 0.00686 0.002909 9.69901 5.06779
29 1.69 2.47 2.47 3.97 0.01586 0.002565 4.52307 0.975731
30 1.75 1.27 271 1.75 0.01694 0.002359 5.04529 3.43288
31 3.85 1.33 241 241 0.01514 0.002775 4.99002 1.77981
32 3.79 271 2.53 3.49 0.01766 0.002999 5.35361 0.823158
33 2.83 121 1.69 3.31 0.00614 0.002565 7.46188 3.24942
34 2.17 1.93 3.61 3.67 0.00506 0.002589 7.10147 2.54214
35 3.73 1.75 3.19 3.55 0.0065 0.002853 6.66385 2.38894
36 2.47 3.79 3.85 2.05 0.00866 0.002909 9.95065 5.23092
37 2.53 3.97 2.29 1.45 0.01406 0.002905 9.64435 4.64936
38 1.57 1.03 2.77 3.13 0.00938 0.002311 5.05328 1.41773
39 1.03 2.17 3.55 2.29 0.00794 0.002381 8.4606 4.81907
40 2.59 1.69 3.31 271 0.01946 0.002611 4.97839 3.19006
41 3.01 3.13 3.67 3.73 0.01298 0.002941 6.77084 3.98288
42 3.19 1.15 2.23 1.33 0.0083 0.002599 7.51358 4.89955
43 241 2.23 1.03 1.99 0.0047 0.002605 7.53839 2.22204
44 1.99 2.83 3.79 151 0.01658 0.002658 8.63937 4.70958
45 1.09 1.87 1.57 3.01 0.0137 0.002326 4.16092 1.22898
46 1.21 2.89 2.89 2.59 0.01838 0.00252 6.7894 3.75226
47 3.13 2.05 2.65 1.09 0.0173 0.002727 9.17682 5.27326
48 3.97 3.19 3.07 1.93 0.0155 0.003086 7.11981 3.5573
49 3.91 1.99 1.87 2.47 0.00542 0.002878 7.23776 2.36477
50 1.27 241 1.93 3.19 0.00398 0.002452 8.16791 3.25939

251

252

253

254 3.2 Automated Neural Network Search approach

255  ANS is an machine learning method used for predictive modelling of complex systems. The
256  principle of ANS is same as Artificial Neural Network (ANN), except the activation function

257 and training algorithm selection is automated. The ANS model can optimigesfonse by
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adjusting it according to the feedback it receives. The network/architecture of such model is
shown in Fig. 5. When the network is implemented, the input variable values are placed in the
input units, the hidden and output layer units gradually executed in their egial order
triggered by activation functions and trained on the basis of errors. Random weight
initialization is preferred option for this particular analysis as the activation function and
training algorithm is automatedt. is found thagenerallythe two layer neural network with
tan-sigmoid activation/threshold functions at hidden layer and pure linear activation function
at output layer can train for any set of Horear data [3]. Output parameters are affected by

a geat variety of interaction between input parameters. It is very difficult to illustrate their
relationship by the use of conventional methods. Therefore, ANS is preferred tool in this
perspective. The ANS facility is used for formulating the neural nésvevith various
configurationsand settings while requiring nominal specifications. It forms number of
networks models with algorithmic combinations. The network which achieve the highest
correlation coefficient value between targets and outputs of teonets chosenin ANS,

there are mainly two types of networks, Multilayer Perceptron (MLP) network type and Radial
Basis Function (RBF) network. In present work, we choose MLP as network type because the
problem is multidimensional and muHbbjective in nature [39]. The STATISTICA 12

software package is used to implement this MLP network.

14
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Fig. 5 Hlustration of Artificial Neural Network Search (ANS)

Thedata generated from FEigl divided into three different sets comprising of training, testing
and validation. The training data is set to 75%, test data to 15% and validation data to 10%.
The sampling of data is done randomly. Networks to train is set to 2000 and 10 best
performarce coefficient networks are retained. The ANS models are selected on basis of there
performance coefficient values (TalBle The ANS models with high performance coefficient

and simultaneously having low error values, are accurate and stable for optimizhé value

of seed for sampling is 1000. After traininge retain8 networkswhich are best suited for
predictive modelling for 3 outputs. Two models were formulated for 3 output variables.
Settings used for V(&), and TSD (K) is shown in tab&and settings used for TD (K) is shown

in table4. The networks are trained and tested on FEM generated data for thermal management
of battery pack module. Fig. 3 shows the flowchart illustration of methodology undertaken.

The main objective for network geration is to formulate a robust and an accurate predictive

15
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model. Further, optimization of these model results in optimum values of five design variables

(X1, X2, X3,X34,v) that simultaneously optimizes the three outputs (TD, TSD, V).

Table 3. Settings of the Automated neural network search for VV and TSD outputs.

Settings Values
Multilayer Perceptron (MLP) Min hidden units =10,
Maximum hidden units = 10
Radial Basis Function (RBF) Min hidden units =0,
Maximum hidden units = 0
Networks to train 2000
Networks to retain 10
Type of activation functions used for Identity, logistic
hidden and outputaurons

Table 4. Settings of the Automated neural network search for TD output.

Settings Values
Multilayer Perceptron (MLP) Min hidden units =4,
Maximumhidden units = 4
Radial Basis Function (RBF) Min hidden units =0,
Maximum hidden units = 0
Networks to train 2000
Networks to retain 10
Type of activation functions used for | Identity, logistic, Tanh, Exponential, Sine
hidden and output neurons

4 Results and Discussion
4.1 Statistical fit of Automated Neural Network Search models

Table5 shows the 50 runs for the network generated, the performance (correlation coefficient)
of the given networks on the training, testing, and validation data, training algorithm and the
activation function for the hidden and output neurons. Only the few& bdels (highlighted

in Table5) with the training correlation coefficient higher than 0.955 are chosen as the best

networks (Tabl&). The model chosen for analysis are model no. 23 and 47 (highlighted red in

16
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Table6), where model no. 23 (MLP-50-3) isused for analysis of V and TSD, and model no.

47 (MLP 54-1) is used for analysis of TD. Fig. 6 describes the fitting of models for all output
parameters. The coefficient of determination values are found to be 0.99, 0.94 and 0.86 for V,
TD and TSD respesfely. Fig. 6 (a), (b) and (c) illustrates line fit plot for three outputs V, TD
and TSD respectivelyFig. 7, explainsthat the input parameterss>and X are the most
dominant ones for influencing outputs (V and TSD) for model no.23, whereas for nmodel n
47, X4 and v are the most dominant input parameters for influencing (TD). Overall, the main

influencing input parameters are,X and % for three response variables V, TD and TSD.

Table 5. 50 generated models of Automated Neural Network Search

Index | Network | Training | Test Validation | Training | Hidden Output
name Perf. Perf. Perf. algorithm | activation activation
1 gﬂép > 0.950015 | 0.884071 | 0.990848 | BFGS 38| Logistic Identity
MLP 5- . .
2 8-3 0.947831 | 0.881299 | 0.990640 | BFGS 31| Logistic Identity
MLP 5- . .
3 8-3 0.948579 | 0.881561 | 0.993897 | BFGS 29| Logistic Identity
4 g’_"ép > | 0.953264 | 0.883503 | 0.997169 | BFGS 36 | Logistic Identity
MLP 5- . .
5 8-3 0.948555 | 0.852924 | 0.990801 | BFGS 25| Logistic Identity
MLP 5- . .
6 8-3 0.949140 | 0.887160 | 0.990776 | BFGS 37| Logistic Identity
MLP 5- . .
7 8-3 0.949538 | 0.880357 | 0.992928 | BFGS 29| Logistic Identity
MLP 5- . .
8 8-3 0.949767 | 0.870302 | 0.992069 | BFGS 33| Logistic Identity
MLP 5- . .
9 8-3 0.948773 | 0.876464 | 0.991214 | BFGS 30| Logistic Identity
10 g/laLP > 0.956261 | 0.872637 | 0.992882 | BFGS 40 | Logistic Identity
11 gﬁ;p > 0.950602 | 0.898850 | 0.991570 | BFGS 27| Logistic Identity
12 gﬁ;p > 0.954556 | 0.887046 | 0.991808 | BFGS 37| Logistic Identity
13 g/l;P > 0.952105 | 0.876715 | 0.994322 | BFGS 36| Logistic Identity
14 g/l;P > 0.953413 | 0.880951 | 0.991649 | BFGS33 | Logistic Identity
15 g/_'gp > | 0.952844 | 0.885069 | 0.993374 | BFGS 39| Logistic Identity
MLP 5- . .
16 9.3 0.951527 | 0.891649 | 0.992997 | BFGS 40| Logistic Identity
MLP 5- . .
17 9.3 0.950306 | 0.873274 | 0.992540 | BFGS 35| Logistic Identity
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MLP 5

18 | o 0.951601 | 0.864137 | 0.991732 | BFGS 36 | Logistic Identity
19 | 957 | 0947856 | 0.885238 | 0.991718 | BFGS 35| Logistic Identity
20 | o=F% | 0.952937 | 0.880276 | 0.994892 | BFGS 42 Logistic Identity
21 | Yor> | 0.948406 | 0.858631 | 0.991307 | BFGS 27 | Logistic Identity
22 | o8> 0951300 | 0.881621 | 0.990769 | BFGS 33 | Logistic Identity
23 | P 10968015 | 0.872072 | 0992018 | BFGS 43 | Logistic Identity
24 | MLP 5 | 0.949296 | 0.877779 | 0.991130 | BFGS 26 Logistic Identity
25 MLPs 055552 | 0863405 | 05246z | BFGS 37 Logistic Identity
26| MLPS 0947652 [ 0.693928 | 0.691056 | BFGS 27 Logistic Identity
7 MLP 5- | 0.954687 | 0.867890 | 0.992050 | BFGS 23 | Logistic Identity
28 i/(l)ui':} 0.947397 | 0.871344 | 0.992350 | BFGS 25| Logistic Identity
25 TMLF S | 0951077 | 0867050 | 0.063351 | BFGS 33 Logistic Identity
50| MLP S | 5948470 | 0574569 | 0.660955 | BFGS 35 Logistic Identity
31 i/l(l}_:li':} 0.882770 | 0.775362 | 0.923379 | BFGS 3 | Identity Logistic
52| WLPS | 0:854002 | 0.918005 | 0.924436 | BFGS 9 Logistic Exponential
5| WLPS | 0:848546 | 0.832109 | 0975670 | BFGS Identity Tanh
54| WMLPS | 0.863519 | 0.606512 | 0.965862 | BFGS 39 Logisic | Tanh
5| MLPS | 0.§64180 | 0.752153 | 0.635306 | BFGS 0 | Tamh Exponential
56| MLPS | 0.643157 | 0.663595 | 0.664154 | BFGS 24 Logisic | Tanh
57| MLPS | 0.625115 | 0.765457 | 0.986075 | BFGS T Exponential | Identity
55| MLPS | 0.045205 | 0.604359 | 0.666869 | BFGS 24 Logistic Logistic
35| MLPS | 0.060057 | 0.621703 | 0.964825 | BFGS 4L Logistic Identity
4o TVLP 5 | 0971912 | 0.801041 | 0.952240 | BFGS 31| Tarh Logistic
A TVLP 5 0951267 | 0.626912 | 0.964789 | BFGS 25 Logistic Identity
% TVLP 5 0935016 [ 0.817723 | 0.891661 | BFGS 23 Logistic Identity
5| MLPS | 0:630505 | 0.850236 | 0.95031L | BFGS 22 Logistic Identity
| MLPS 0637383 | 0.762255 | 0.991671 | BFGS 20 Logistic Identity
& | MLPS | 0.631978 | 0.635205 | 0.665043 | BFGS 24 Logistic Identity
6| MLPS 0633245 | 0.761554 | 0.967105 | BFGS 9 Logistic Identity
41
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317
318
319

320
321

322
323
324
325

326
327

47 MLP 5- | 0.985318 | 0.833880 | 0.993047 | BFGS 26 | Tanh Exponential
4-1
48 MLP 5- | 0.975114 | 0.819712 | 0.997844 | BFGS 23 | Tanh Exponential
5-1
49 MLP 5- | 0.962713 | 0.853720 | 0.998900 | BFGS 16 | Logistic Tanh
4-1
50 MLP 5- | 0.970930 | 0.923706 | 0.995444 | BFGS 33 | Tanh Logistic
5-1
Table 6. Best fit ANS models networks
Index | Network | Training | Test Validation | Training | Hidden Output
name Perf. Perf. Perf. algorithm | activation activation
10 g/_”ép > 0.956261 | 0.872637 | 0.992882 | BFGS 40| Logistic Identity
MLP 5- . .
23 10-3 0.968015 | 0.872972 | 0.992018 | BFGS 43 | Logistic Identity
25 MLP 5 | 0.955552 | 0.863405 | 0.992462 | BFGS 37| Logistic Identity
10-3
27 MLP 5- | 0.954687 | 0.867890 | 0.992050 | BFGS 23| Logistic Identity
10-3
47 MLP 5- | 0.985318 | 0.833880 | 0.993047 | BFGS 26 | Tanh Exponential
4-1
48 MLP 5 | 0.975114 | 0.819712 | 0.997844 | BFGS 23| Tanh Exponential
5-1
49 MLP 5- | 0.962713 | 0.853720 | 0.998900 | BFGS 16| Logistic Tanh
4-1
50 MLP 5- | 0.970930 | 0.923706 | 0.995444 | BFGS 33| Tanh Logistic
5-1
Model no. 23
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Fig. 6 Line fit plot of Actual and ANS models for the three outputs
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Fig. 7 Global sensitivity analysis for the selected models showing the importance of
individual input parameters on the three outputs

4.2 Response optimization of selected Automated Neural Network Search models

Response optimization is performed on selected ANS models 23 and 47 for simultaneously
minimizing volume of battery module, Temperature difference and Temperature standard
deviation.Non-dominated sorting genetic algorithm N$GA Il ANSYS software packas)
combined with simplex and grid search is used for optimization. Number of iterations was set
to 1000 and number of initial samples was set to 100. The selected models were evaluated to
obtain the minimum volume of battery module, Temperature differ@mtstandard deviation

of temperatureThe initial values of gap spacing XX2, X3 and X are set to 4 mm and v is set

to 0.012kg/s The value of v is fixed, it is not varied only the values of geometric parameters
are variedStep size is set to 0.0874 and 0.00052 far g, X3, X4) and v respectively, and

the operating range of design variables were set from 1. mm to 4 mm and 0.002Kg/s to 0.02Kg/s

for (X1, X2, X3, X4) and v respectively. Given these set of input values, riftiali values
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355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

obtained from ANS models for V, TD and TSD are 0.003279&813K and 4.37K
respectively. The muhbbjective optimized result is given in Table The volume of the
battery pack module reduces from 0.0083ta 0.0023m by 29.21%, the maximum
temperature difference of the eight cells reduces from 6.81K to 4.38K by 35.66%, and the
standard deviation of temperature reduces from 4.38K to 0.93K by 78.69%. Fig. 8 shows the
iterations graph of simplex search for optimization tbfee response variables. The
optimization objective is met w.r.t above optimization constraints and the results obtained on
improvement are feasible. The decrease in the volume of battery module after optimization
decreases the cost of manufacturingattdry pack. The reduction of TSD by 78.69% enables
the uniformity of temperature in different parts of battery module. Due to reduction of
maximum temperature differences by 35.66% the battery life is maintained in long run and

working conditions.

Table 7. Multi-objective optimization results for the battery module

Design variables Objective variables
X1(mm) | X2(mm) | X3(mm) | X4(mm) | v(Kg/s) | V(m3) | TD (K) | TSD (K)
Initial values 4 4 4 4 0.012 | 0.003279| 6.813343| 4.379044
Range/ [0.002,

constraint [1, 4] [1, 4] [1, 4] [1, 4] 0.02] | minimize | minimize | minimize

Optimum values 1.422795| 1.418067| 1.698304| 2.894863| 0.019353| 0.002321| 4.383997| 0.933274
%lImprovement

in Objective +29.21%| +35.66% | +78.69%
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Fig. 8 Optimization results for determination of minimum value of V, TD and TSD

4.3 3-D surface plots and Simulation distribution for robustness validation

3-D graphs are plotted between the response variable and the most influencing design variables
determined by global sensitivity analysisD3surface plots and sequential plots are used to
study the variations of response variable due to interactions between the two -atesigre
variable. The nature or trend of variations in response variabtaded w.r.t variations in

design variables. Fig. 9 shows the 3D surface plots of the V, TD and TSD »ant X design
variables. @ sequential plots (Fig. 10), shows the plot of design variable and response

variables, which describes the variatiorabfvariables over whole range of run.
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Fig. 9 3-D surface plots showing variations of response variable w.r.t influencing design
variables
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3D Sequential Graph for X1, X2, X3, X4, v, TD and TSD.

406
407 (@)
408
3D Sequential Graph for X4, X;, X3, X4, vand V.
409
410 (b.)
411 Fig. 10 3D sequential plot showing variation of all variables over whole range of run
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412  Profiling of the ANS model is done to understand the desirability of response variables (V, TD
413 and TSD) for different levels of individual input variables in their individual specified range.
414  Level of input variables which best fitith the desirability of the response variable is selected
415 as the set of conditions for design. Profiling of predicted values for individual response
416 variables (V, TD and TSD) are shown in Fig. 11. In Fig. 11 (a.) for response variable V it is
417 observed thav(Kg/s) design variable is constant over range of V, while other variables are
418 having linear variations and distribution is not reflecting any sudden changes. As shown in Fig.
419 11 (b.), the response variable TD is also having normal distribution. The vaksn of

420 response variable TD is in range 4 K to 7.3099 K. Fig. 11 (c.) shows the skewness in

421  distribution of TSD for region above 3.217 K.

422
Profiles for predicted values
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Profiles for predicted values
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430  Fig. 11 Profiling normal distribution of individual response variables on different levels
431 of input variables.
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5 Conclusions

In the current study, the research problem on optimization of design variables of battery module
to minimize response variables (Maximum temperature differences, standard deviation of
temperature over region of betty pack module and volume of battery pack) forcaioling

thermal management of battery module is undertaken. To solve this problem, a comprehensive
FEM based ANS approach is proposed. The methodology is applied on the battery module
comprising of eighprismatic cells. The optimized atooled battery pack module have better
thermal performance in normal working conditions of EVs compared to initial designed
scheme. The main findings from the analysis and optimization performed are as follows:

(1) Thevolume of the battery pack module decreases from 0.0032#0M002321 mby
29.21% which addresses the space consumption in EVs and favors economical factors.
The maximum temperature differences of the eight cells decreases from 6.81 K to 4.38
K by 35.6% and the temperature standard deviation reduces from 4.38 K to 0.93 K by
78.69%.

(2) The optimized atcooled battery pack module has lesser volume consumption. This
implies, it exhibits lower maximum temperature differences in battery module and the
uniformity in temperature distribution over battery module is attained.

The present work provides an empirical and feasibbelel for design of battery thermal
management systefhis analysis can ealedupto battery packs comprising of 100 or more
cells asn case of energy storage systems emmimercial EVs.
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