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Abstract

Heat generation during lithium-ion battery charge and discharge requires the implementation of battery
thermal management systems (BTMSs) for enhanced battery performance, safety, and lifetime. Nu-
merous design optimization methodologies have been recently implemented to improve BTMS cooling
and heating performance, energy usage, efficiency, and mass. This paper provides a comprehensive and
exhaustive review of BTMS studies that apply design optimization methodologies, categorizing them
into surrogate-model-based, multi-objective, multidisciplinary, single objective, and design of experi-
ments methodologies. This review paper also summarizes and discusses critical knowledge gaps, current
trends, and opportunities in BTMS design optimization. Most of the literature applies multi-objective
optimization methodologies with genetic algorithms, optimizing the design of structural BTMS compo-
nents to minimize maximum battery temperature and spatial temperature gradients. This review paper
also identifies opportunities for future applications of BTMS design optimization methodologies, in-
cluding opportunities for performance improvements of hybrid BTMSs, battery lifetime, electric vehicle
range, and heating strategies for battery pre-conditioning.
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Nomenclature

T, temperature standard deviation

Tavg average temperature

Tmax Mmaximum temperature

ATmax maximum cell temperature difference
Ap pressure loss

v airflow velocity standard deviation

ABC artificial bee colony

ANN artificial neural network

BC boundary condition
BPNN back-propagation neural network

BTMS battery thermal management system

CCD central composite design
CFD computational fluid dynamics
COSMOS concurrent surrogate model selection

CS cuckoo search
DOE design of experiments

EG expanded graphite

EV electric vehicle

Fc coefficient of friction
FEA finite element analysis

FGRA fuzzy grey relational analysis

GA genetic algorithm

HDMR high dimensional model representation
ICE internal combustion engine

LHS latin hypercube sampling
LIB lithium-ion battery

LINMAP linear programming technique for multidimensional analysis of
preference

MCDM multiple criteria decision making

v

MCS Monte Carlo simulation

MDF multidisciplinary feasible

MDO multidisciplinary design optimization

MOGA multi-objective genetic algorithm

MOO multi-objective optimization

MOPSO multi-objective particle swarm optimization

MRDO-UPM multidisciplinary robust design optimization under parame-
ter and metamodeling uncertainties

MRS minimum response surface

MUNLM multidimensional unconstrained non-linear minimization

NSGA-II non-dominated sorting genetic algorithm II
NSGA-III non-dominated sorting genetic algorithm IIT

Nu Nusselt Number

PCM phase-change material
Pr Prandtl number

PSO particle swarm optimization

RBF radial basis function
Re Reynolds number
RSA response surface approximation

RSM response surface modeling

SA simulated annealing

SMDO surrogate-model-based design optimization
SOC state of charge

SOO single objective optimization

SPEA-II strength Pareto evolutionary algorithm II
SQL sequential linear programming

SQP sequential quadratic programming

SVM support vector machine

SVR  support vector regression

TOPSIS technique for order of preference by similarity
TSEMO Thompson sampling efficient multi-objective optimization

TSSR tunicate swarm search and rescue



1 Introduction

Increasing climate change concerns have accelerated the need for sustainable alternatives to traditional
internal combustion engine (ICE) vehicles to mitigate the associated generation of greenhouse gases and
carbon emissions. Electric vehicles (EVs) are becoming increasingly popular, offering an environmen-
tally cleaner, lower-carbon, and more sustainable alternative to ICE vehicles [1]. The past decade has
seen significant developments in EVs, with the number of EVs on the road increasing exponentially from
17,000 in 2010 to over 15 million in 2021 [2]. Electric vehicles rely on batteries to provide the required
energy for vehicle operation through chemical reactions, without the need for fossil fuels if the electricity
to power EVs comes from renewable energy sources. Batteries store energy electrochemically, convert-
ing chemical energy to electrical energy while discharging, and electrical energy to chemical energy
while charging. Batteries are reliable energy storage devices with a wide range of power and capacity
capabilities realized by combining battery cells through parallel or series electrical connections, making
them suitable for a wide range of applications.

Lithium-ion battery (LIB) technologies have advanced significantly in recent years, making them
the primary choice for powering EVs due to their high energy and power densities [3]. Compared to other
rechargeable battery types [4], LIBs’ longer cycle life and lighter weight make them favorable for EVs
and many other applications. During EV operation, LIBs undergo many charge-discharge cycles, during
which heat is generated due to internal chemical reactions and Joule heating effects associated with the
battery’s inner resistance [5]. The continued operation of LIBs at internal temperatures outside of 20-
40 °C, or at non-uniform temperatures, has detrimental effects on the battery performance, safety, and
lifetime [6]. The optimal operating temperature range for LIBs has not been concretely established, with
varying ranges reported in the literature: 25-40 °C [7], 20-40 °C [8], and 15-35 °C [9-11]. Regardless,
battery degradation accelerates at temperatures outside these ranges. Also, high temperatures can lead to a
phenomenon known as thermal runaway, which can result in the catastrophic failure of the system by fire
or explosion [12]. This highlights the key role of battery thermal management systems (BTMSs), which
are tasked with keeping battery temperature within an optimal range, while also ensuring temperature
uniformity across battery packs, ensuring the mitigation of thermal runaway [13, 14].

Existing BTMSs can be classified based on their heat transfer medium as air, liquid, phase-change
material (PCM), and heat-pipe cooling systems. The inherent strengths of the different BTMS types
lead to trade-offs between their effectiveness, cost, mass, and power usage. Therefore, different BTMS
types are better suited for certain applications. However, system improvements are always desirable to
optimize cost, mass, and energy usage regardless of the specific application and BTMS type. Further,
with ever-increasing battery energy density and fast charging-discharging requirements, it is expected
that LIBs will face even more severe heating problems and require more effective cooling [15, 16]. To
address these cooling needs and desired BTMS improvements, researchers have increased the use of
design optimization methodologies. In recent years, the strong interest in optimizing these systems has
led to numerous BTMS design optimization studies, motivating the need to comprehensively review and
categorize the available literature.

This literature review covers recent studies on BTMS design optimization and classifies these studies
based on the applied optimization methodology, instead of the BTMS type or system component being
optimized as in past review papers [17, 18]. This review includes only studies that formally use design
optimization methodologies to obtain an optimal design; it does not cover studies using single-parameter
or sensitivity analyses to find a better but not necessarily optimal design. This review is exhaustive,



including the most relevant BTMS design optimization studies found in the recent literature to the best of
our knowledge. Most importantly, this review covers all BTMS types, whereas previous reviews focused
on specific types such as air-cooling [17]. It is relevant to note that air-cooling systems have become
less popular in EV applications due to their increased battery cooling and heating requirements. This
highlights the need for thoroughly reviewing BTMS system types that are more relevant for current and
future EV developments. In addition, BTMS design optimization methodologies have evolved rapidly
since the publication of past reviews in this area [17,18], enabling this review paper to include more recent
advancements, which are also classified more intuitively to better understand the trade-offs between the
different optimization methodologies. Having focused on the design optimization methodologies, how
they have been implemented, and to which systems they have been applied, this review allows readers to
better identify which methodologies are most suitable for their requirements.

The structure of this review is as follows. Section 1.1 defines a typical optimization problem and
presents the optimization methodologies into which the surveyed BTMS design optimization studies
were classified. Section 1.2 includes illustrations and descriptions of the most relevant BTMS types.
Sections 2-6 provide brief descriptions of each optimization methodology and a thorough review of the
pertinent BTMS optimization studies. A comprehensive analysis of the design optimization methodolo-
gies is included in Section 7, which compares the methodologies’ advantages, disadvantages, and scope
of application. Finally, Section 8 summarizes the state of the art of design optimization methodologies
applied to BTMSs and highlights critical knowledge gaps, challenges, and opportunities in this area. The
supplementary materials attached to this literature review include a section titled “Literature Summaries
by Optimization Methodology,” which consists of tables summarizing the studies applying each design
optimization methodology. These tables allow for a quick overview of the existing literature and include
information on the system structure, battery module details, heat generation modeling, cooling medium,
analysis method, optimization objectives, optimization design variables, surrogate modeling methods,
optimization methods, and numerical pre- and post-optimization results. Similarly, the supplementary
section titled “Literature Summaries by Battery Thermal Management System Type” consists of a second
set of tables summarizing the same optimization studies; however, classifying the studies by the BTMS

type.

1.1 Design Optimization
The area of design optimization covers many methodologies and frameworks that address different prob-
lem requirements and formulations. Optimizing the design of a system means finding a design that is
as good as possible in a defined sense, i.e., a design that minimizes or maximizes some quantity given
appropriate constraints. The mathematical formulation of a general optimization problem is shown in
Equation 1.

minimize  f(x)

with respect to  x 0
subjectto  h;(x) =0; i=1top
9;(x) <0; j=1ltom

where f(x) is the objective function, x is the vector of design variables, h;(x) are the p equality con-
straints, and g;(x) are the m inequality constraints. The objective and constraint functions may take the
form of analytical equations; however, it is also common to use computational fluid dynamics (CFD) or
physical experiments to compute objectives where there are no closed-form equations. The specific ob-
jective and constraint function forms may prevent the application of certain optimization methodologies
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and should be carefully considered.

Optimization methodologies search through combinations of design variables within the domain
defined by the equality and inequality constraints. While it is theoretically possible to evaluate the objec-
tive function through a full search of all possible design variable combinations, in most cases, it would
be extremely time-consuming and computationally expensive. Thus, efficient methodologies for search-
ing the design domain are desired. These methodologies are referred to as optimization algorithms. A
typical optimization algorithm is iterative, during which the objectives and constraints are computed at
each design point. The optimization algorithm uses the objective values and other values (i.e., previous
objective values, gradient values, or constraint values) to dictate the direction and magnitude to change
the design variables. After each iteration, new objective and constraint values are computed, and the
process continues until the optimal design is achieved. Figure 1 shows a generalized process flow for the
implementation of a design optimization methodology applied to BTMSs. Note, the process shown in
Figure 1 is generalized and applicable to the majority of design optimization implementations; however,
there may be exceptions with additional or fewer steps.

This literature review classifies BTMS design optimization studies into five categories based on the
applied optimization methodology. These categories, addressed in Sections 2-6, are surrogate-model-
based design optimization (SMDO), multi-objective optimization (MOO), multidisciplinary design op-
timization (MDO), single objective optimization (SOQO), and design of experiments (DOE). If MOO or
MDO methodologies are combined with a surrogate model, these studies are classified either as MOO
or MDO, not as SMDO. The SOO section covers BTMS design optimization studies that do not use
coupled analysis, multiple objectives, or surrogate models. The DOE methodology may not fit strictly
the definition of an optimization methodology; however, it still determines an optimal design from a set
of parameters while considering parameter interactions. Therefore, this review includes DOE studies be-
cause DOE is a step further than a single-parameter or sensitivity analysis in terms of determining optimal
designs. Sections 2-6 present a tailored process flow diagram for each design optimization methodology,
adjusted from that of Figure 1. For simplicity, the brief descriptions of the general design optimization
steps included in Figure 1 have been omitted in subsequent process flow diagrams if these steps remain
similar for the corresponding methodology.
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1.2 Battery Thermal Management Systems

Battery thermal management systems must be able to perform the following functions: cooling to remove
heat from the battery, heating to increase battery temperature in cold climates, thermal insulation to
prevent sudden temperature changes, and ventilation to exhaust gases from the battery [6]. It is also
required for BTMSs to be compact, lightweight, low cost, reliable, easy to maintain, easy to integrate,
and have low parasitic power use. Battery thermal management systems can be classified based on their
cooling medium as air, liquid, PCM, and heat-pipe systems. Recently, novel BTMSs have been developed
combining these technologies into systems termed hybrid BTMSs [19].

Air-cooled BTMSs use airflow to cool the cells within the battery pack and can be further classified
as passive or active systems based on how the air is supplied. Passive air-cooled BTMSs rely on natural
convection and might require channeling the airflow from outside the EV to inside the battery pack [17].
Active air-cooled BTMSs rely on forced convection and require an airflow device for active control [20].
Most of the air-cooled BTMS design optimization studies surveyed in this review paper implemented
active BTMSs. Figure 2 shows generic illustrations of common air-cooled BTMS inlet and outlet con-
figurations, and Figure 3 illustrates various plenum types near the inlet and outlet of these air-cooled
BTMS:s.

Outlet Outlet Outlet Outlet
IIIIII Pl JIIIIII Plenums IIIIII
Inlet enums Inlet Inlet Plenums
(a) (b) (©)
Outlet Outlet

Plenums
’ Inlet Tnlet I I I I I I Outlet

(d) (e)
Figure 2: Air-cooled BTMS configurations: (a) Z-type [21], (b) U-type [22], (c) J-type [23], (d) T-
type [24], and (e) symmetric flow configurations [25]. The light gray highlights the plenums, while
the dark gray rectangles represent arbitrary battery cell arrays. Refer to the references provided in this
caption for illustrative examples of each configuration.

Outlet IIIIII Outlet IIIIII Outlet
LLCT (i 11111

= Plenu B
Inlet Inlet Inlet
Plenums Plenums

(a) (b) (©)
Figure 3: Air-cooled BTMS inlet and outlet plenum geometries, illustrated here for a Z-type flow con-
figuration: (a) linear [21], (b) angled linear [26], and (c) curved plenums [27]. These plenum geometries
are possible for any flow configuration shown in Figures 2(a)-(d). The light gray highlights the plenums,
while the dark gray rectangles represent arbitrary battery cell arrays. Refer to the references provided in
this caption for illustrative examples of each inlet and outlet plenum geometries.

Liquid-cooled BTMSs can be further classified as direct and indirect systems. Direct liquid-cooled
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BTMSs use a dielectric fluid in direct contact with the battery cells and are less common in EV applica-
tions [28]. Instead, indirect liquid-cooled BTMSs are deemed safer and more widely used in EV batteries;
they typically rely on bottom/top or inter-cell metal cold plates with internal channels to contain a coolant
in indirect contact with the battery cells [29]. In indirect liquid-cooled BTMSs, the heat from the battery
is transferred to the coolant through the metal fabrication, and the coolant then transfers the heat away
from the battery pack through a recirculating coolant circuit that exchanges heat with another medium.
Figure 4 shows various generic configurations typical of indirect liquid-cooled BTMSs with cold plates,
and Figure 5 illustrates various channels geometries commonly used within these cold plates.

Outlets

Outlets

Cold Plate — Outlets Cold Plate

Inlets
Cold Plate Cold Plate

Cold Plate

(a) (b) (©)

Cold Plate

Outlets
Inlets

Inlets Cold Plate Cold Plate

(d) ()
Figure 4: Indirect liquid-cooled BTMSs with cold plate configurations, shown here for cold plates with
a parallel internal channel geometry with one inlet and one outlet per channel: (a) battery cells sand-
wiched by inter-cell cold plates (common for prismatic and pouch cells) [30], (b) inter-cell cold plates
sandwiched by battery cells (common for prismatic and pouch cells) [31], (c) side cold plates (common
for prismatic and pouch cells) [32], (d) bottom cold plates (common for prismatic, pouch, and cylindrical
cells) [16], and bottom-top cold plates (common for prismatic, pouch, and cylindrical cells) shown here
for an arbitrary array of (e) prismatic cells [33] and (f) cylindrical cells [15]. The cold plates are shown
in light gray and the batteries are shown in dark gray. Refer to the references provided in this caption for
illustrative examples of each configuration.



Outlets

(d)

Figure 5: Cross-sectional views of cold plates illustrating typical internal channel geometries: (a) serpen-
tine channel (inlet and outlet may be on the same or opposite sides) [34], (b) parallel channel with one
inlet and one outlet per cold plate [35], (c) parallel channel with one inlet and one outlet per channel [30],
and (d) three-channel U-shaped channel [36]. The light gray shows the cold plate material, while the blue
areas show the channels. Refer to the references provided in this caption for illustrative examples of each
configuration.

Phase-change material BTMSs leverage the ability of the PCM to absorb or release large amounts
of latent heat during the phase change from one state to another at a constant temperature [37]. Phase-
change material BTMSs are passive cooling systems that are often part of hybrid cooling arrangements
that combine PCM-cooled with liquid-cooled or air-cooled BTMSs to remove the heat accumulated in the
PCM. Another BTMS types involving a phase change heat transfer process are heat-pipe BTMSs. These
systems generally consist of metallic pipe-shaped devices that encapsulate a working fluid that undergoes
phase transitions through evaporator, adiabatic, and condenser sections. In the evaporator section, which
is in contact with the battery cell to be cooled, the working fluid evaporates by absorbing heat. This fluid
then moves to the condenser section through the adiabatic section by means of a pressure gradient. The
working fluid finally condenses through external heat exchange and returns to the evaporator section [3].

Hybrid BTMSs attempt to combine favorable aspects from basic BTMSs in order to achieve higher
performance. A review of hybrid BTMS was completed by Zhao et al. [19], reviewing a number of
hybrid systems with different combinations of basic BTMS types. Common hybrid systems combine
heat-pipes with air or liquid-cooling [38], PCM with air or liquid-cooling [39], or heat-pipes and PCM
with air or liquid-cooling [40]. Typically hybrid BTMSs involve the combination of active and passive
sub-systems. While hybrid BTMSs offer increased performance, they may not be necessary depending
on the battery system’s requirements. The complexity of hybrid cooling arrangements and their relatively
recent development has presented the opportunity for further improvements of these BTMSs through the
application of design optimization methodologies. Figure 6 illustrates possible configurations of hybrid
BTMSs with PCMs, heat-pipes, and liquid-cooling. Compared to air and liquid-cooling BTMSs there is
a wider range of configurations with many studies implementing unique variations or combinations of
the configurations presented in Figure 6.
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Figure 6: Hybrid BTMS configurations: (a) PCM system with embedded cells [41], (b) PCM cell casing
and parallel channel bottom cold plate hybrid system [42], (c¢) heat-pipe embedded in heat spreading
plate system [43], (d) heat-pipe surrounded and parallel channel bottom cold plate hybrid system [44],
and (e) heat-pipe, PCM, and heat spreader plate sandwiched by battery cell system with (f) an exploded
view [45]. Refer to the references provided in this caption for illustrative examples of each configuration.



Figures 2-6 illustrate typical battery cell arrays with different BTMS configurations that are key
to understanding the terminology used throughout this manuscript. These figures are not exhaustive,
but cover the majority of BTMS structures reviewed in this paper. References are provided for each
sub-figure in Figures 2-6 for illustrative examples of these configurations in the literature. For clarity,
we refer to these generic configurations when describing the BTMS type from each design optimization
study addressed throughout this manuscript.

2 Surrogate-Model-Based Design Optimization

Surrogate-model-based design optimization (SMDO) is another term for approximation-based or meta-
model-based design optimization. Instead of using computationally expensive analyses such as CFD or
completing physical experiments, approximations for these analyses are created in the form of analytical
models or computational networks such as artificial neural networks (ANNs). These models are often
called surrogate models and the process of creating the models is referred to as surrogate modeling.
Using a surrogate model can greatly reduce the computational time for the analyses and thus for the
entire BTMS design optimization process. The general process for SMDO methodologies is included in
Figure 7. For the sake of completeness, we have included surrogate supported MOO as an optimization
process in Figure 7; however, MOO studies are discussed in Section 3.

"""" Problem Formulation}-------- gomooeo-------|Surrogate Modeling|----------------------
5 BTMS | | ;
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Figure 7: Generalized process of the surrogate-model-based design optimization methodology.



The general process of surrogate modeling begins with the creation of design variable sets using
a sampling method. These sample points ideally offer coverage of the entire design domain. Numeri-
cal simulations or experiments are completed using the design variable sets generated by the sampling
method to determine the corresponding objective and constraint values. A database or training data set is
created containing the design variable sets and corresponding objective and constraint values. A surro-
gate modeling technique is then used with the database to develop the required models, typically separate
models for each objective and constraint defining the optimization problem. The models are evaluated by
comparing their output results to simulation or experimental results, and their accuracies are determined.
If the accuracies of the models are too low, different sample points or a different surrogate modeling
technique can be implemented, and the process is repeated until the desired accuracy is achieved. The
surrogate models then replace the computationally expensive analysis wherever required in the optimiza-
tion process. It is important to note that there may not be a strong enough relationship between the design
variables and objectives or constraints for surrogate modeling methods to capture, making it impossible
to apply SMDO methodologies in some cases.

Each surrogate modeling method presents slightly different representations and assumptions for the
underlying function used to capture the relationship being modeled. Possible surrogate modeling methods
range from simple linear regression to full ANNs, with some methods able to capture highly non-linear
relationships. The large variety of available surrogate modeling methods makes it difficult to select which
method would be best suited for a specific application. To address this challenge, quantitative frameworks
such as K-fold cross-validation selection or concurrent surrogate model selection (COSMOS) have been
developed. These frameworks systematically compare different surrogate modeling methods and select
the method which develops the model with the highest accuracy. This section contains only literature
that uses SMDO and SOO methodologies and does not address other MOO or MDO methodologies. The
following subsections summarize different methods of using surrogate models in optimization processes.
A summary of the literature reviewed in this section is included in Table 1 of the “Literature Summaries
by Optimization Methodology” supplementary materials document.

2.1 Surrogate Model Full Search

Performing optimization by evaluating all possible combinations of BTMS design variables and com-
pleting a full search would typically not be possible using CFD analysis due to its high computational
cost. However, surrogate models are generally computationally cheap models, allowing the objective to
be evaluated for all possible design variable combinations in relatively little time. This methodology has
been termed here a surrogate model full search. For applications of a surrogate model full search method-
ology, the design space must not be too large, and an appropriate discretization of the design space must
be selected.

Battery thermal management systems have been optimized using ANN surrogate models to obtain
an optimal design with a full search. Shi et al. [46] used this methodology to determine the optimal design
of a U-type air-cooling BTMS with additional airflow outlets. Objectives of maximum temperature (71,.x)
and maximum cell temperature difference (AT,,,) were evaluated using an experimentally validated CFD
model. A database of objective values for different design points considering the number, position, and
area of additional outlets was created to train the ANN. The ANN was then used to evaluate all possible
design points to obtain the optimal solution, which was able to reduce AT, significantly, with a slight
reduction of Tj,,x. Similarly, Qian ef al. [47] used Bayesian neural networks to fully search a design
space; however, they considered the battery spacing of a symmetric air-cooling BTMS. Optimal battery
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spacing between each row and column of cells was obtained such that both objectives of Tp,,, and AT .«
were reduced. Instead of using neural networks, Ye, Rubel, and Li [48] used Kriging surrogate models.
In [48], the full search was able to obtain the optimal parameters for the channel widths of the liquid-
cooling parallel channel bottom-top cold plate system to minimize 7p,,, and pressure loss (Ap). A third
surrogate modeling methodology was implemented by Sun and Dixon [49], who used response surface
approximation (RSA) models developed using optimal latin hypercube sampling (LHS). These models
were trained using results from an experimentally validated CFD model and a full search minimized 71,
AT, and Ap for a Z-type air-cooling system compared to both baseline U-type and Z-type systems.

2.2 Surrogate Model Direct Optimization

Surrogate models may take the form of analytical equations, and if the order of these equations is not
high, in some cases, they can be analyzed directly using derivative methods. This can lead to an optimal
design. An important consideration for this methodology is that the surrogate model functions must be
smooth with limited noise, or else derivative methods may not be feasible.

The following three studies directly optimized response surface modeling (RSM) surrogate mod-
els for varying BTMSs. Ling et al. [41] optimized an embedded cell PCM-expanded graphite (EG)
BTMS with an unspecified active cooling method. The objectives were to minimize mass and volume
for three cooling arrangements: side cooling, bottom-top cooling, and bottom-top cooling with a low
mass fraction PCM. The battery spacing, PCM density, and PCM EG mass fraction were considered as
design variables, while the PCM melting fraction after a charge/discharge cycle, Ti.x, and AT, were
appropriately constrained. An experimentally validated CFD model was implemented to calculate the
objectives based on the central composite design (CCD) sampling method. The second-order polynomial
RSM models of the objectives were then directly analyzed by considering points where the derivatives
were zero, thus determining the optimal design parameters. The configuration with bottom-top cooling
and a low mass fraction PCM was able to reduce the mass and volume by the greatest amount; however,
it required a more intense active cooling method compared to other configurations. Similarly, Dong et
al. [50] optimized the channel geometry of a liquid-cooling cold plate BTMS with a combined parallel
and serpentine channel configuration with the inter-cell cold plates sandwiched by soft pack battery cells.
The optimal channel geometry reduced the objectives of Ti.x, AT, and Ap. Finally, Zhu et al. [15]
obtained optimal geometric parameters of a liquid-cooling bottom cold plate BTMS with parallel chan-
nels and an added heat spreader plate. The direct analysis of RSM models was able to obtain an optimal
design that showed reductions in AT, and Ap, at the cost of an increase in the 7},.

2.3 Surrogate Model Supported Optimization

The most popular SMDO methodology is the replacement of CFD analyses with surrogate models for
the computation of objective and constraint functions. The surrogate model acts as the objective and
constraint functions, and another optimization methodology is implemented to obtain the optimal design.
Here, we present surrogate model supported SOQ. For surrogate model supported MOO, see Section 3.

Many BTMS optimization studies in the literature have used single objective genetic algorithms
(GAs) supported by various surrogate models. Genetic algorithms are heuristic methods based on Dar-
win’s survival-of-the-fittest theory in which superior organisms are more likely to pass on their genetic
traits to future generations [S1]. In applying this theory to design optimization problems, genetic traits
are values of the design variables, while organisms are sets of design variables which make up a specific
design. A set of organisms is termed a population. Superior organisms are determined by the objective

11



value associated with their specific design variable values. Superior organisms have a higher chance of
passing on their traits to future design iterations during the optimization process. During the GA, a popu-
lation of organisms goes through iterations, during which organisms mate to create offspring who inherit
traits from each parent organism. The offspring are added to the population, while the lower-performing
organisms are removed from the population. As the GA iterates, the organisms move toward the opti-
mal design. Heuristic algorithms find near-optimal solutions to problems more quickly than traditional
methods; however, they sacrifice exact optimality for this increased speed.

Lin et al. [42] minimized 7,,,x of a PCM cell casing and symmetric air-cooling hybrid BTMS using
a single objective GA supported by back-propagation neural network (BPNN) surrogate models. Using
the GA, optimal parameters for PCM thickness, battery spacing, battery discharge rate, inlet air velocity,
and inlet air temperature were obtained, reducing 71,.x. Xia et al. [52] also implemented a GA; however,
supported by RSM surrogate models instead of BPNN for the optimization of a symmetric air-cooling
system. The system analyses implemented an experimentally validated multiphysics model, which cou-
pled an electrochemical-thermal model, a capacity fade model, and a fluid dynamics model. Reliability
models, including a stochastic capacity degradation model, a system reliability model, and a universal
generating function, were used in addition to the multiphysics model for the analyses of the system. An
optimal battery layout and redundancy scheme were selected such that the number of charge-discharge
cycles was maximized for a given system reliability. Li er al. [53] used a third surrogate modeling
methodology, radial basis function (RBF) models, to support the optimization of a hybrid heat-pipe sur-
rounded, embedded cell PCM, and symmetric air-cooling system. The optimization considered the fin
spacing on the heat-pipe condenser section in three directions as the design variables in two separate
processes. First, the structural parameters were optimized to minimize temperature standard deviation
(T,), while constraining T}, and AT},.x. The second optimization process minimized the inlet velocity
while constraining the temperature objectives at varying heat generation rates and ambient temperatures.

Instead of selecting a single surrogate modeling method, Liu and Zhang [54] used a K-fold cross-
validation framework to select the best of 62 potential models. This ensures the most accurate surrogate
models are implemented for the specific problem, improving the overall SMDO accuracy compared to
when only a single surrogate modeling method is considered. In [54], Maximum temperature was mini-
mized for three types of air-cooling BTMSs: J-type, U-type and Z-type air-cooling systems. The channel
sizes for the J-, U-, and Z-type BTMSs were considered as the design variables, while the manifold sizes
were considered in a second optimization process for the J-type system. A Kriging surrogate model was
developed for the heat generation of the LIB pouch cells using experimental data. All three BTMSs were
able to decrease the temperature rise and 7, at the cost of an increase in Ap. The optimized U-type
BTMS had lower T},.x but a higher Ap, while the J-type BTMS had advantages in 7;,,x and Ap; however,
it required more space than the other two configurations. The J-type manifold sizes were then optimized
using the same methodology and showed further improvements in 7.

Instead of using GAs, Afzal et al. [55] used a different heuristic methodology - the particle swarm
optimization (PSO) algorithm. Particle swarm optimization algorithms attempt to find optimal solutions
by searching the design domain through methods similar to how swarms of organisms, for example, bees
or ants, interact with each other when finding areas of interest [56]. Members of the swarm are specific
designs, made up of sets of design variable values, whereas the swarm is a set of designs. Each member
knows its respective location as well as the location of the current optimal member of the swarm in the
design domain. During the iterative optimization process, the position of each member is updated, taking
into account the position of the most optimal member and the most optimal position that the current
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member has had throughout the process. As a PSO algorithm iterates, the swarm moves towards the
optimal design. Afzal et al. [55] used RSM surrogate models to support a PSO algorithm for a symmetric
flow BTMS with varying coolants, including gases, oils, thermal oils, nanofluids, and liquid metals. The
coolant Reynolds number (Re), conductivity ratio between the coolant and battery, battery heat generation
rate, and the coolant Prandtl number (Pr) were considered as the design variables to result in an improved
AT ax- This study considers a similar system to a second study completed by Afzal ef al. [57] discussed
in Section 3.6 and Section 5.5 using different optimization methodologies and design variables.

The final BTMS optimization study reviewed in this section used non-heuristic iterative methods
instead of heuristic GA or PSO algorithms. Park et al. [58] applied sequential linear programming (SQL)
and sequential quadratic programming (SQP) algorithms that are used for constrained linear and non-
linear optimization problems, supported by RSM surrogate models. A loop heat pipe with external air-
cooling BTMS for aircraft LIBs was optimized to minimize the weight of the system considering the
heat load and system geometric parameters as the design variables. The BTMS was modeled using an
energy balance equation thermohydraulic approximation model, vapour groove temperature model, and
thin liquid film model for the wick heat transfer analysis. The system was optimized for three cases with
constrained 7i,,: fixed heat load, varying heat load, and under uncertainty considerations. Monte Carlo
simulation were implemented for the reliability-based method in the uncertainty consideration case. The
optimization process was completed sequentially for each case by first optimizing the thermo-hydraulic
model, then the porous wick, and finally the groove section. The optimization methodology was able to
obtain a design that reduced the mass of the system in all three cases.

2.4 Adaptive Surrogate Model Optimization

Adaptive surrogate model optimization involves the development of surrogate models by adding sample
points until the desired accuracy is achieved. The additional sample points are typically added during
the optimization process, and the surrogate modeling is no longer separated from the optimization pro-
cess - instead, they occur concurrently. This allows the surrogate models to be tuned adaptively, giving
the desired accuracy without oversampling and thus saving time by reducing unrequired computations.
Adaptive surrogate-model-based optimization differs from other SMDO methods that develop the sur-
rogate models with a fixed set of sample points prior to optimization. An adaptive methodology was
developed by Xu, Liu, and Zhang [59] during which the adaptive sampling was informed by the op-
timization method. This allowed the surrogate models to become more accurate in the region of the
optimal solution. Their methodology was based on the complex method, where sample points were used
to establish the surrogate model while also forming complex shapes to guide the optimization search. The
methodology began with initial samples from LHS for the development of Kriging surrogate models. The
complex method was then used to determine which additional sample points to add based on the model
accuracy and optimization process. This allowed the sampling and optimization processes to be com-
pleted concurrently, improving the accuracy of the surrogate model and obtaining the optimal solution at
the same time. The new methodology was then applied to optimize a U-type air-cooling BTMS, based on
the system from Li et al. [60] further discussed in Section 3.1. Objectives of AT ., 15, and system vol-
ume were minimized by obtaining optimal parameters for cell spacing, inlet and outlet manifold heights,
and inlet velocity.

Instead of adding sample points concurrently during the optimization process, Xu et al. [61] com-
pleted sequential optimization processes with an adaptive ensemble of surrogate models. Sample points
were added based on the accuracy of the predicted optimal solution at the end of each optimization. This

13



methodology may be less computationally efficient than the concurrent optimization and model devel-
opment methodology of Xu, Liu, and Zhang [59]. However, this methodology finds the most optimal
solution even as the objective space changes with increased model accuracy, something not guaranteed
with concurrent methodologies. The algorithm used LHS to generate initial sample points and then com-
pared RBF and Kriging models to construct an ensemble of surrogate models. The optimization was then
completed using a PSO algorithm, and the CFD model was used to compute the objective at the optimal
point and compare the two values. If the result from the ensemble of surrogate models was not accurate
enough compared to the CFD results, additional sample points were incorporated using the minimum
response surface (MRS) method and the algorithm began again. This allowed an optimal design that re-
duced AT},.x to be obtained with optimal parameters of cooling plate thickness, wall thickness, and inlet
coolant temperature and velocity. Xu et al. [62] then developed another novel adaptive SMDO frame-
work. In this methodology, the adaptive surrogate models were not developed concurrently, instead were
completed prior to optimization. A GA was implemented to determine the optimal additional sample
points using the distance density to quantify the sparsity of the sample points, and the local complexity
to quantify the changing complexity of response values near new sample points. Both methodologies
by Xu et al. were applied to a liquid-cooling cold plate BTMS that wrapped around cylindrical cells to
minimize ATp... Both considered the channel thickness, coolant velocity, and coolant temperature as
design variables. A similar BTMS was studied by Li et al. [63] and Su et al. [64], further discussed in
Section 3.1.

In a similar methodology to Xu et al. [61] where multiple optimization processes were conducted
sequentially, Liu et al. [23] used a multi-step SMDO methodology. Liu et al. added samples strictly in
the region of the optimal result instead of anywhere in the design space like Xu et al. [61]. Further, Liu e?
al. [23] used the concurrent surrogate model selection framework to select the model type, kernel function
type, and values of parameters for the surrogate models. During the SMDO process, the optimal results
were used to perform sequential sampling and updating of the surrogate models, and the updated models
were then used for subsequent optimization processes. This allowed the surrogate models to become
adaptively more accurate in the region of the optimal design similar to the methodology by Xu, Liu, and
Zhang [59]. In applying this methodology, optimal values for the inter-cell spacing, inlet manifold size,
outlet sizes, and inlet mass flow rate were obtained such that both objectives of T, and Ap were improved
for a J-type air-cooling BTMS.

2.5 Summary of Surrogate-Model-Based Design Optimization Methodologies

Full search methods are simple and allow optimization to be completed without introducing a dedi-
cated optimization process. However, full search methods still cannot be applied to complicated BTMSs
considering many design variables, limiting their applicability. Direct optimization methods are compu-
tationally efficient and use established optimization processes, but the surrogate models representing the
objectives and constraints must be low order, differentiable, and have smooth derivatives. This prevents
applications when the relationship between design variables and objectives or constraints is higher or-
der or noisy. Supported optimization methods are quite effective when BTMS analysis models are too
computationally expensive for direct use in optimization processes. Even when the computational ex-
pense is similar for developing the surrogate models and directly using the BTMS analysis models in an
optimization process, surrogate-supported optimization provides advantages. Fast iteration of the opti-
mization process is possible with surrogate models, allowing for more effective tuning of the optimization
parameters and investigation of different BTMS performance objectives. Before training the surrogate
models it is difficult to predict the relationship between design variables and objectives or constraints. In
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some cases this relationship may not be strong enough to develop surrogate models, resulting in wasted
resources generating the training database. Further, the required size of the database is generally un-
known before training, often leading to oversampling. This results in wasted resources compared to
direct optimization where only the required system analysis is completed. Adaptive surrogate modeling
methods address this issue and allow for higher accuracy of the predicted optimal design performance.
However, adaptively developed surrogate models may not be effectively used for modified optimization
processes as they may lack accuracy in areas of the design space away from the optimal result.

3 Multi-Objective Optimization

In the process of designing BTMSs, it is often the case that the design variables need to be optimized
based on more than a single objective. Multi-objective optimization (MOO) is the process of optimizing
these multiple objectives simultaneously [65]. In order to truly classify as a MOO problem, the objectives
need to be conflicting, else there exists a single optimal solution, and the objectives could be optimized
sequentially with SOO methods. By modifying the general optimization formulation from Equation 1, a
MOO problem can be defined as shown in Equation 2.

minimize F(x) = (f1(x), fo(x), ..., fr(x))
with respectto X 5
subjectto  h;(x) = @

g;(x)

s i=1top
0; y=1tom

IN

The difference in Equation 2 compared to Equation 1 is that there are now k objective functions. Solving
a MOO problem results in a set of solutions, which have been termed the Pareto optimal set or the Pareto
Front. A solution is Pareto optimal if there exists no other feasible solution which would decrease some
objective without causing a simultaneous increase in at least one other objective [66].

The general process flow for the implementation of a MOO methodology is shown in Figure 8. The
main differences in the MOO methodology process compared to the general design optimization process
are based on the Pareto principle. First, the optimality criteria for the optimization loop are based on the
Pareto principle. Further, for many MOO methodologies, there will be multiple designs being evaluated
during each iteration of the optimization loop instead of a single design. Finally, as there exists not a
single solution, this leaves the selection of the final design up to the system designer based on objective
preferences. Quantitative frameworks have been developed to aid in the final design selection such as the
technique for order of preference by similarity (TOPSIS), multiple criteria decision making (MCDM),
or linear programming technique for multidimensional analysis of preference (LINMAP). These frame-
works rank the possible solutions based on some weighted and normalized combination of objective
values. The remainder of this section will review BTMSs optimized using MOO methodologies, with
each subsection presenting a sub-category of MOO methodologies. A summary of the literature reviewed
in this section is included in Table 2 of the “Literature Summaries by Optimization Methodology” sup-
plementary materials document.
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Figure 8: Generalized process of the multi-objective optimization methodology.

3.1 Genetic Algorithms

The most popular MOO methodologies applied to BTMSs were GAs, specifically the multi-objective
genetic algorithm (MOGA) and the non-dominated sorting genetic algorithm II (NSGA-II). Single ob-
jective GAs were introduced in Section 2.1. When GAs are applied to MOO problems these methods
must implement strategies for ranking solutions to determine which designs are more likely to pass on
design variables to future iterations based on the Pareto Front principle. Further, multi-objective GAs
produce a set of solutions instead of a single solution. The GA population moves towards the Pareto
Front during the optimization process, with the population making up a section of the Pareto Front at the
conclusion of the optimization process. This section has been separated into three subsections based on
applications of the MOGA and NSGAs, as well as a section containing BTMS studies that used methods
of combining objectives in order to apply single objective GAs.

3.1.1 Multi-Objective Genetic Algorithms

The general methodology applied in BTMS studies that used MOGAs supported by surrogate models
followed a similar process to the surrogate model-supported optimization methodologies presented in
Section 2.3. Here, optimization was completed for multiple objectives instead of a single objective. First,
system analysis models are developed, where the majority of studies in this section used CFD models.
Sample point sets of design variables are created using a sampling method and objective, and constraint
values are computed at these sample points using the system analysis models. The database of sample
design points and corresponding objective and constraint values are used to develop surrogate models,
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one for each objective and constraint defining the MOO problem. Finally, the surrogate models are
implemented in the MOGA to compute the objective and constraint values as needed. The studies that
are discussed next specifically used Kriging surrogate modeling methods.

Cheng et al. [67] and Li et al. [68] both applied this optimization methodology to air-cooling BTMSs
with added herringbone fin plates distributed axially on cylindrical cells. Cheng et al. [67] minimized the
average temperature (7y,), T,,, and Ap considering the longitudinal and transverse pitch of the battery
cells, fin height and thickness, and inlet air velocity as design variables. The optimization procedure was
able to locate designs from the Pareto Front, and a solution was selected that reduced all three objectives
simultaneously. Li ef al. [68] considered the battery spacing, inlet airflow velocity, and fin and sleeve
geometry parameters as the design variables to minimize 7},,x and AT},.x. Contrary to Cheng et al. [67],
Li et al. [68] completed the optimization with and without a constraint on the cost of the system. They
demonstrated that the cost constraint limited the cooling performance compared to the design achieved
without the constraint.

Li et al. [60] first used this optimization methodology for a U-type air-cooling BTMS to minimize
T,, AT, and system volume. A similar BTMS was studied by Xu, Liu, and Zhang [59] as discussed
in Section 2.4. Considering the cell spacing and inlet mass flow rate as design variables, the Pareto
optimal design with the lowest volume was selected as the final design, while T}, and 7;,, were also
reduced. Li et al. [35] then used the same methodology, applying it to a parallel channel liquid-cooling
cold plate sandwiched by battery cells. The same objectives were minimized, in this case considering the
channel geometry and inlet coolant mass flow rate as the design variables. However, different objective
preferences were used to select the final design: the design with the lowest AT, was selected for the
cold plate, which also reduced 7,,, AT.x, and Ap at the cost of an increase in system volume.

Many other studies used MOGAs supported by surrogate models to optimize a range of systems,
using various surrogate modeling methods. Wang et al. [34] and Mao et al. [69] used Kriging models
similar to the BTMS optimization studies described above for liquid-cooling serpentine channel cold
plates and microchannels, respectively. Li et al. [70] and Liu et al. [71] used fitting functions for unique
channel cold plates, while Wang et al. [72] implemented genetic programming models for a Z-type air-
cooling BTMS. Li et al. [70] and Liu et al. [71] and Wang et al. [72] all implemented frameworks for
final design selection. Liao ef al. [73] optimized a U-type air-cooling system and used RSM surrogate
models. Karthik et al. [74] also used RSM; however, for a 3 U-shaped channel cold plate. Finally, Ma,
Chen, and Gong [75] implemented BPNN models for a U-type air-cooling BTMS. Additional details
of these studies can be found in Table 2 of the “Literature Summaries by Optimization Methodology”
supplementary materials document.

In cases where analytical system analysis models were used, surrogate models were not required to
support the MOGA. The nature of analytical models negates the need to reduce the computational cost
of evaluating the objectives associated with CFD models. Hamut, Dincer, and Naterer [76] optimized
an in-vehicle liquid-cooling BTMS to maximize the exergy efficiency and minimize the total cost rate
and environmental impact. Exergy, exergoeconomic, and exergoenvironmental analytical models were
used to evaluate the objectives. The authors considered design variables of condenser and evaporator
saturation temperature, magnitude of superheating in the evaporator, magnitude of subcooling in the
condenser, evaporator air mass flow rate, and compressor efficiency. A MOGA was able to find Pareto
Front solutions and the LINMAP method was used to select an optimal design. The final design was able
to maintain a similar exergy efficiency, while improving the environmental impact at the requirement
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of a higher total cost rate. Also using exergy analysis, Javani et al. [77] similarly optimized an in-
vehicle refrigeration cycle BTMS where the shell and tube heat exchanger was filled with PCM. The
objectives were to maximize the exergy efficiency and minimize the total cost rate without environmental
considerations using exergy and cost analytical models. The MOGA used design variables corresponding
to compressor speed and ratio, evaporator and condenser saturation temperatures, superheating and sub-
cooling temperatures, evaporator and condenser air mass flow rates, and cooling capacity. As in Hamut,
Dincer, and Naterer [76], the LINMAP method was used to select an optimal solution from the obtained
Pareto Front results.

3.1.2 Non-Dominated Sorting Genetic Algorithms

Many BTMSs were optimized using another specific GA, the NSGA-II. The NSGA-II follows a typical
GA process but uses modified mating and survival selection methods during the iterative optimization
procedure. Non-dominated sorting refers to the method determining how solutions or designs are ranked
and sorted during each iteration of the algorithm. The NSGA-II offers reduced computational complexity,
elitism approach, and has eliminated the need for a sharing parameter compared to the first iteration of
the NSGA [78]. These studies used various surrogate models during their optimization processes, again
developed using databases generated from CFD model evaluations.

Using a three-layer feed-forward ANN surrogate model to support a NSGA-II, Fan, Wang, and
Fu [79] optimized a double-layered dendritic channel bottom cold plate liquid-cooling BTMS. The ob-
jectives were to minimize 7., 7., and Ap, considering the channel geometric parameters as the design
variables. Latin hypercube sampling and RBF models were used to create the three-layer feed-forward
ANN surrogate model. The optimal design selected from the Pareto Front solutions was able to reduce
all objectives as compared to a serpentine channel cold plate. Compared to a parallel channel cold plate,
T, and T, were reduced at the cost of an increase in Ap. Garg et al. [80] used similar surrogate models
to minimize the AT},.x, T,,, and system volume of a U-type air-cooling BTMS. The same BTMS was
considered by Li et al. [60] as discussed in Section 3.1 and by Xu, Liu, and Zhang [59] as discussed in
Section 2.4. The NSGA-II used simplex and grid search methods, and obtained an optimal design for the
cell spacing, inlet height, and outlet height, that improved all three objectives.

Li et al. [63] optimized a U-shape cooling plate BTMS that wrapped around cylindrical cells to min-
imize T,,, ATax, and Ap. A similar BTMS was studied by Xu et al. [61,62] as discussed in Section 2.4.
The design variables were the plate thickness, plate wall thickness, inlet coolant temperature, and inlet
coolant velocity. Gaussian process surrogate models were developed using a database generated from
LHS. The surrogate models and NSGA-II were able to identify a Pareto optimal solution which reduced
T, and Ap, at the cost of a slight increase in AT},.x. Su et al. [64] conducted a similar study with the
same design variables, BTMS details, CFD model, and sampling techniques. The differences were in the
objectives; this study aimed to minimize 7, Ap, and the temperature rise instead of AT},,c. Further, this
study used a genetic programming surrogate model instead of a Gaussian process surrogate model. The
genetic programming surrogate model and NSGA-II were able to identify 4 Pareto optimal solutions. Of
these solutions, a single design was selected that slightly reduced 7, and temperature rise, while greatly
reducing Ap.

Many other studies used similar methodologies including Chen et al. [36] and Cui et al. [81] who
used support vector machine (SVM) surrogate models with the NSGA-II for a three U-shaped channel
cold plate and symmetric air-cooling system, respectively. Deng et al. [82], Qian [83], Chen et al. [33],
and Chen et al. [84] optimized four different systems using RSA surrogate models developed using
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LHS with the NSGA-II: Qian [83] considered a double-layered cold plate similar to Fan, Wang, and
Fu [79], while Chen et al. [33] studied a bottom-top parallel channel cold plate system. Deng et al.
[82] optimized a Z-type air-cooling system while Chen et al. [84] considered a symmetric air-cooling
system. Of particular note, Chen et al. [33] optimized for heating performance, while the majority of
other works have focused on cooling performance. Similarly, Bao et al. [85] and Dong et al. [86] used
Kriging surrogate models for U-type air-cooling and helix microchannel liquid-cooling BTMSs. Jin,
Youn, and Kim [87] optimized a U-type air-cooling BTMS with polynomial regression surrogate models
and the NSGA-II. Finally, Xu et al. [31] used Gaussian process regression models with the NSGA-II
for a parallel channel cold plate sandwiched by battery cells. Xu et al. [31] implemented a digital twin
CFD model indicating that the CFD model was coupled to a physical system. The digital twin system
analysis methodology has seen limited applications in the literature. Further details of these studies can
be found in Table 2 of the “Literature Summaries by Optimization Methodology” supplementary materials
document.

3.1.3 Genetic Algorithms with Combined Objectives

Some BTMS optimization studies implemented single objective GAs for MOO problems by using a
priori objective weighting. A priori objective weighting involves the combination of multiple objec-
tive functions into a single objective function using some weighting and normalization schemes before
applying the optimization algorithm. This methodology can reduce a multi-objective problem to a single-
objective problem, and by varying the weighting scheme, it is possible to obtain different Pareto Front
solutions.

This methodology was used by Zhao et al. [88] to optimize a liquid-cooling cold plate with non-
uniform pin-fins, configured with battery cells sandwiched by inter-cell cold plates. A multi-island GA
was implemented to minimize 7},.x, 7,, mass, and power consumption, while considering the variable
pin-fin diameters as the design variables. Elliptical basis function ANN surrogate models, varying a
priori objective weightings, and the multi-island GA were able to determine Pareto Front solutions. An
optimal solution was selected that decreased all objectives as compared to a traditional parallel channel
cold plate. Instead of ANN models Deng et al. [89] applied this methodology using RSA models to
optimize a liquid-cooling double-layer bifurcating channel cold plate BTMS configured with inter-cell
cold plates sandwiched by battery cells. This BTMS was first discussed in Section 3.1.2 [82]. While the
same system as the other study by Deng er al. [82] was considered, this study minimized 7,.x, 7.,, and
Ap as opposed to the coefficient of friction (Fc) and the heat transfer coefficient. The design variables
in this study were reduced to the channel thickness, width ratio, and length ratios in the x and y axes.
Finally, instead of considering battery heat generation as uniform steady heat sources, it was modeled
using a steady uniform heat flux on the surface of the batteries. The optimization process was completed
using 36 different objective weighting schemes, determining a set of Pareto Front solutions.

3.2 Particle Swarm Optimization

The PSO algorithm was another popular heuristic optimization methodology applied to BTMSs, previ-
ously introduced in Section 2.1. Similar to the differences between multi and single objective GAs, the
main differences for the PSO include a different ranking mechanism of the designs taking into account
the Pareto principle and outputting multiple designs instead of a single design. Three systems were opti-
mized using the multi-objective particle swarm optimization (MOPSO) algorithm in two studies without
surrogate models. Severino et al. [90] conducted two optimization procedures with the focus being on
the implementation of the MOPSO algorithm. The first implementation was for the optimization of six
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cell positions in a symmetric air-cooling BTMS to minimize 7},,x, power consumption, and area. The
second implementation was the optimization of cell and inlet positions for a T-type air-cooling BTMS,
here to minimize T}, and AT}.«. A much larger battery module with 234 pouch cells was considered.
The MOPSO was able to find Pareto Front solutions for both implementations. Similarly, Li et al. [91]
used a MOPSO without surrogate models to minimize AT}, 75, and system area of a cell embedded
PCM BTMS. The MOPSO used a fitness function based on trial and improvement with AT}, prioritized
and Pareto Front solutions were obtained for the cell spacing parameters.

Two other implementations of the MOPSO algorithm used adaptive Kriging-assisted high dimen-
sional model representation (HDMR) surrogate models. The adaptive Kriging-assisted HDMR surrogate
models were constructed using similar methods to those discussed in Section 2.4. Zhang et al. [45] opti-
mized a hybrid heat-pipe, PCM, and heat spreader plate sandwiched by battery cell BTMS to minimize
Tnax and AT« The design variables were the geometric parameters of the BTMS including the ther-
mal conductivity of the PCM, thickness of the PCM layer, heat-pipe length, and velocity of inlet liquid
coolant. An optimal design was selected which reduced 7T,,, at the cost of an increase in AT},,,. Huang
et al. [92] used the same methodology to minimize the same objectives for a symmetric air-cooling sys-
tem where each cell had a PCM encasement containing embedded heat fins. The inlet length, battery
spacing, and composite PCM layer thickness around each cell were considered as the design variables.
The MOPSO and adaptive Kriging-assisted HDMR surrogate models were able to determine Pareto Front
solutions, and fuzzy set theory was used to select the final design, improving both 7},.x and AT} ..

3.2.1 Particle Swarm Optimization with Combined Objectives

Wang et al. [93] implemented a single objective PSO methodology by using a priori weighting to reduce
the multiple objectives to a single objective. This methodology was similar to that used by Zhao et
al. [88] and Deng et al. [89] with GAs discussed in Section 3.1.3. Considering fan power and Tj,.x, a
single objective PSO algorithm was used to optimize a symmetric air-cooling BTMS. The transverse and
longitudinal spacing between cells and the inlet airflow velocity were considered as the design variables.
A BPNN surrogate model supported the PSO algorithm to determine an optimal design reducing the fan
power while maintaining approximately the same 7},,,.

3.3 Other Heuristics

There exist many heuristic MOO algorithms which are not as popular BTMS design optimization as the
previously discussed GAs or PSO algorithms. Similarly to GAs and PSO algorithms, these methods
typically take inspiration from physical or biological phenomena. Garg et al. [94] used the Thompson
sampling efficient multi-objective optimization (TSEMO) algorithm supported by Kriging models to
minimize T}y,, 15, and Ap. A parallel channel cold plate liquid-cooling BTMS where every two battery
cells were sandwiched by inter-cell cold plates was considered for optimization. Optimal parameters
for the channel geometry and inlet coolant properties were obtained that improved all objectives. Yun
et al. [95] also used a surrogate-model-supported methodology but with the simulated annealing (SA)
algorithm and support vector regression (SVR) surrogate models. A U-type air-cooling system was
optimized to minimize AT, T,, and volume. The optimal design implemented values for inter-cell and
cell-to-enclosure spacing able to improve all objectives.

Using the desirability function optimization approach supported by backward regression and RSM
surrogate models, Kalkan, Celen, and Bakirci [96] optimized a serpentine channel cold plate with added
oblique channels to minimize 71, ATmax, and Ap. An experimentally validated CFD model integrated a
semi-empirical electrochemical model for battery heat generation. Response surface modeling surrogate
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models were generated, from which backward regression models were used to obtain objective functions.
A composite desirability function was then developed, combining the individual objective functions into a
single dimensionless function. Optimal values of the design variables were then obtained by minimizing
the desirability function. The final design found optimal values for the channel width, distance between
channel branches, channel depth, number of cross-over channel branches, and the flow rate that improved
all three objectives.

Without surrogate model support, Murashko, Pyrhonen, and Laurila [43] used a Nelder-Mead mul-
tidimensional unconstrained non-linear minimization (MUNLM) algorithm with a priori weighting to
optimize a BTMS with heat-pipes embedded in heat spreading plates. The number, diameter and po-
sition of the heat-pipe(s) were considered as the design variables to minimize 7y,., 1, and heat-pipe
diameter. A CFD model was used to directly compute the objective values during the optimization. The
MUNLM algorithm was able to obtain a design which reduced the objectives and recommended the use
of one or two heat pipes.

3.4 Non-Heuristics

Heuristic algorithms are the most popular MOO methodologies for optimizing BTMSs. To the best of
our knowledge, a single BTMS optimization study in the recent literature used a non-heuristic algorithm.
Kelly, Rugh, and Pesaran [97] implemented a sequential unconstrained minimization algorithm to opti-
mize a passive air-cooling system using design for Six Sigma Processes. Forward stepwise regression
surrogate models were developed using the Box-Behnken Matrix sampling method. The design loop
assumed that the design variables of cell gap, fan flow rate, and internal electric resistance of cells had
normal distributions with given mean and standard deviation values. The surrogate models were imple-
mented to obtain outputs of mean and standard deviation values of T1,x, ATmax, and Ap. The optimization
then maximized the minimum value of the three-sigma quality levels using a sequential unconstrained
minimization technique with the initial design specified using the D-optimal sampling method.

3.5 Direct Optimization

Much like the direct methodology described in Section 2.2, in some cases, it is possible to directly
determine optimal designs from the objective functions. The difference for the study in this section is
that the analysis models were used directly, while the studies in Section 2.2 used surrogate models. Leng
et al. [98] optimized a hybrid cell surrounded heat-pipe, embedded PCM-EG, and air-cooling BTMS.
Lumped heat-pipe and 2D resistance-capacity PCM coupled models were used for the system analyses,
which were validated in the authors’ previous works [99]. An iterative procedure was used to determine
the value of the heat transfer coefficient required to limit the battery surface temperature below 323 K. The
trade-off values of PCM thickness and fan power making up the Pareto Front were determined directly
from the system models. The system was optimized both as a fully passive system with only natural
convection and as an active-passive system introducing forced air convection cooling. It was concluded
that the hybrid system introduced significant energy-saving potential to BTMSs.

3.6 Multi-Objective Optimization Algorithm Comparisons

Some works have been reported in the BTMS literature comparing the effectiveness of different MOO
methodologies for applications to BTMSs. Typically, it is difficult to compare the effectiveness of opti-
mization methodologies across BTMS studies as there is no single baseline system and varying system
parameters make it difficult to compare absolute performance measures. The studies here compared
multiple optimization methodologies on the same BTMS, allowing for direct comparisons between the
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optimal results.

Wang et al. [30] compared the non-dominated sorting genetic algorithm III (NSGA-III) to the
NSGA-II for the optimization of a novel battery module system with cells sandwiched by liquid-cooling
cold plates and negative Poisson’s ratio radiators. The NSGA-III uses a reference point-based algo-
rithm following the NSGA-II framework, prioritizing non-dominated solutions which are close to a set
of specified reference points during the solution ranking [100]. The study attempted to maximize the
volumetric energy density, crashworthiness, and heat dissipation. An experimentally validated side pole
impact finite element analysis (FEA) model and CFD model were used to develop RBF three-layer feed-
forward neural network surrogate models. The optimal structural parameters of the negative Poisson’s
ratio tubular structure were obtained, which improved all objectives of: maximum acceleration, specific
energy absorption, 7, and the maximum intrusion displacement. It was further concluded that the
NSGA-III more efficiently found the optimal solutions than the NSGA-II. Also considering variations of
NSGAs, Chen et al. [101] compared the NSGA-III differential evolution (NSGA-III_DE) algorithm, to
the NSGA-II and standard NSGA-III. This study was similar to the one conducted by Chen et al. [102],
further discussed in Section 5.5, and considered the same Z-type air-cooling BTMS. The design variables
included the width of battery unit, inlet airflow velocity, plate angle, and width of the convergence and
divergence plenums. The NSGA-III_DE was determined to produce superior results based on the hyper-
volume criteria, which is a measure of the volume of the design domain that is weakly dominated by the
resulting Pareto Front. The optimal design selected from the Pareto Front was able to reduce the power
consumption, Ti.x, and AT ..

Two systems compared GAs and PSO algorithms for optimization: Afzal and Ramis [103] opti-
mized a U-type air-cooling BTMS to maximize the average Nusselt Number (Nu), while minimizing the
Fc and T},,x. The objectives were evaluated using a two-dimensional CFD model, considering the battery
heat generation term, coolant Re, conduction-convection parameter, aspect ratio, and cell spacing as de-
sign variables. Fuzzy logic was implemented to normalize the multiple objective functions and combine
them into a single objective function. It was found that the GA resulted in a more optimal result; however,
the PSO methodology gave a more diverse section of the Pareto Front. Using BPNN supporting surro-
gate models, Yang et al. [104] compared two different GAs, the strength Pareto evolutionary algorithm
I (SPEA-II) and NSGA-III with the MOPSO for the optimization of a Kririgami based stretchable LIB
with a PCM BTMS. Electrochemical and CFD coupled models were used to compute values of 7;,,x and
AT .« objectives. The SPEA-II algorithm produced solutions that dominated solutions from the other
methods. The final design for the PCM geometry and properties was selected based on the lowest AT}«
and showed reductions in both objectives compared to the system without PCM.

Comparing other heuristic methods, Afzal et al. [S7] considered the cuckoo search (CS) and artificial
bee colony (ABC) algorithms for the optimization of a symmetric flow arrangement BTMS with various
coolants. This study considered the same BTMS and design variables as the previous study by Afzal
et al. [55] discussed in Section 2.3 but used different optimization methods. A CFD model directly
computed the objectives during the optimization process. The ABC algorithm produced better results for
the MOO and found a better Pareto Front compared to the CS algorithm. Both algorithms considered the
battery heat generation rate, conductivity ratio, coolant Re, spacing between the batteries, and coolant Pr
as the design variables. It was concluded that nanofluids and thermal oils were the best coolants based
on the optimized Pr. Afzal et al. examined both MOO and SOO methodologies in this study; however,
the portion of the study examining SOO is discussed in Section 5.
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In two studies, Wan [105, 106] compared five different heuristic methods. First, Wan [105] used
an adaptive elephant herding optimization algorithm to determine the cell spacing of a symmetric air-
cooling BTMS to minimize 7},,x and AT}.x. A CFD model directly evaluated the objectives during the
optimization process. Wan [106] then optimized the same system using a tunicate swarm search and
rescue (TSSR) algorithm. The objectives and design variables were similar; however, in this study, the
cells were modeled as unsteady instead of steady heat sources. Further, instead of considering the cell
spacing in three groups, the spacing between each column and row was considered. The results from the
TSSR algorithm for battery spacing optimization were compared to results from previous studies which
used the enhanced elephant herding optimization algorithm [105]. Further comparisons were made to
other heuristic algorithms including the tunicate swarm, search and rescue, and gray wolf algorithms. It
was concluded that the TSSR algorithm was the most efficient for this problem.

3.7 Summary of Multi-Objective Optimization Methodologies

Comparing the literature on MOO methodologies applied to BTMSs is difficult as the optimization pro-
cesses are similar but applied to different BTMS types. Unless the methodologies are implemented on
the same BTMS, as discussed in Section 3.6, it is challenging to elucidate which methodology will be
best for a certain BTMS type and problem formulation. Regardless, based on direct methodology com-
parison studies, GAs obtained more optimal results for BTMSs than PSOs methodologies in all cases.
For all MOO methodologies, it was observed that most studies that had CFD BTMS analysis models
implemented surrogate models, while the BTMSs using analytical models did not. This indicates that
BTMS CFD models are typically too expensive for direct use in MOO methodologies. Heuristic method-
ologies provide efficient optimization methods when non-heuristic or direct methodologies may not be
feasible but at the cost of exact optimality. Typical BTMS design requires the consideration of multiple
objectives, as described in Section 1.2. Hence, MOO is an important tool in effectively improving BTMS
designs, as demonstrated by the prevalence of this methodology in the BTMS literature.

4 Multidisciplinary Design Optimization

The area of multidisciplinary design optimization (MDO) includes design optimization methods that deal
with multiple interacting disciplines [107]. Taking the interaction and interdependence of disciplines into
account gives a more accurate representation of the system, and thus its performance [108]. The most
general form of a MDO problem, referred to as the all-at-once formulation, is defined by Equation 3.
The all-at-once formulation creates independent copies of the design variables that are required for each
discipline analysis and ensures by the end of the optimization that they are equal by enforcing consistency
constraints. Different MDO problem formulations, and subsequently how the problem is approached and
solved, refer to different MDO architectures [108].

N
minimize fo(X,y) + Z fi(zo, z:, vi)
i=1

with respectto  X,y,y,¥

subject to  ¢o(x,y) > 0 (3)
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In Equation 3, fj is the discipline shared objectives, with ¢ discipline specific objectives f;. The de-
sign variables are x with x, discipline shared design variables and x; discipline specific design variables.
The discipline coupling variables are y with y independent copied coupling variables and y individual
discipline state variables. The shared constraints are ¢y with ¢; discipline-dependent constraints and ¢
consistency constraints for the copied coupled variables. Finally, R; is the discipline-specific governing
equation in residual form. The all-at-once formulation contains all coupling variables, coupling variable
copies, state variables, consistency constraints, and governing equation residuals.

Multidisciplinary design optimization provides methods of formulating design optimization prob-
lems that involve design variables or objectives that are interconnected between the disciplinary system
analyses of the design. Hence, MDO results in the reformulation of a design optimization problem al-
lowing SMDO, MOQO, or SOO methodologies to be implemented with the new reformulated problem
having taken into account the interacting disciplines and system analyses. The general process flow for
the implementation of a MDO methodology is shown in Figure 9, describing how MDO is integrated into
BTMS design optimization methodologies.
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Figure 9: Generalized process of the multidisciplinary design optimization methodology.

The remainder of this section discusses studies of MDO methodologies applied to BTMSs. A
summary of the literature reviewed in this section is included in Table 3 of the “Literature Summaries by
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Optimization Methodology” supplementary materials document.

4.1 Multidisciplinary Feasible Architecture

A common MDO architecture is the multidisciplinary feasible (MDF) architecture. By eliminating the
discipline specific governing equation constraints R;(xo, z;, Y;i, Ui, ¥;) = 0 and consistency constraints
¢ from Equation 3, the MDF architecture is obtained [109]. This means that the coupling variables
are now implicit functions of themselves and the design variables. This reformulation allows the MDO
problem to be as small as possible without dividing the problem into multiple smaller sub-problems.

Using the MDF architecture, Wang et al. [110] completed the MDO of an air-cooling U-type BTMS.
The MDO minimized AT},.x, power consumption, and system volume, while maximizing battery life-
time by considering the cell spacing, the heat flux from the battery cell, and the inlet mass flow rate. The
sub-disciplines were broken into thermodynamics, fluid dynamics, structure, and battery lifetime each
with its own model and coupling variables. A CFD model was used to generate a database using Sobol
sequence sampling and the COSMOS framework determined the most accurate surrogate models. Sep-
arate surrogate models were selected for the thermodynamics sub-discipline analysis to compute AT}«
and T}, and for the fluid dynamics sub-discipline analysis to compute Ap. The surrogate models were
then used with a priori weighting of the objectives to obtain a single objective function. The resultant
optimal design showed improvements in battery lifetime, temperature uniformity, and volume at the cost
of an increased Ap.

4.2 Novel Architectures

Multidisciplinary design optimization architectures are constantly being developed to improve optimiza-
tion results and efficiency, combining novel optimization methods. For example, after completing the
study using an MDF architecture [110], Wang et al. [111] developed a variable fidelity MDO architecture
and applied it to a similar air-cooling U-type BTMS. This study considered the same sub-disciplines and
objectives as in the previous study with the same design variables but with the addition of the inlet and
outlet manifold sizes. Two separate sets of surrogate models were developed with varying fidelity, again
using the COSMOS framework. The MDO process began with the lowest fidelity surrogate model. Then,
after a number of iterations, the MDO process switched to the tuned surrogate model, and finally, to the
high fidelity CFD model once the solution was close to optimal. As in the previous study, the multiple
objectives were weighted a priori to obtain a single objective for the optimization process. The optimiza-
tion was completed using the adaptive model switching-based approach and achieved superior results to
the Co-Kriging-based approach. It was concluded that by using adaptive model switching the number of
iterations during the MDO process was greatly reduced. The optimal design significantly improved the
lifetime of the batteries by lowering AT, and volume, similar to the previous study.

In another novel architecture, instead of considering varying fidelity models, a neural network fil-
ter was introduced by Li ef al. [112], who developed a multidisciplinary robust design optimization
under parameter and metamodeling uncertainties (MRDO-UPM) methodology. It was then applied to
minimize AT}, of a liquid-cooling serpentine channel BTMS with inter-cell cold plates sandwiched by
battery cells. The MRDO-UPM methodology used a collaboration model with a RBF three-layer forward
neural network to filter feasible samples before the multidisciplinary analysis was completed to reduce
computation time. The filtered samples were used to construct Gaussian process surrogate models for
the objectives, constraints, and multidisciplinary coupled functions. Monte Carlo simulations were then
adopted to quantify the impact of parameter and surrogate model uncertainties. The proposed methodol-
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ogy produced a design with better robustness compared to traditional MRDO methodologies.

4.3 Summary of Multidisciplinary Design Optimization Methodologies
Multidisciplinary design optimization methodologies allow BTMS optimization problems to be reformu-
lated such that the interdependence of design variables and objectives between multidisciplinary BTMS
analysis models can be taken into account. These methodologies are complex, with limited application
to BTMSs found in the literature. Further, while the design of BTMSs involves conjugate heat transfer,
the objectives and design variables typically are not interconnected such that MDO methodologies are
required. Most of the studies in this section included battery lifetime as objectives, hence requiring the
MDO formulation due to the interdependence of the design variables in the battery lifetime and conju-
gate heat transfer models. The novel architectures presented in Section 4.2 used MDO methodologies to
implement novel SMDO methods, improving the optimization processes.

5 Single Objective Optimization

Some optimization processes of BTMSs do not require multiple objectives, implement a surrogate model,
or perform coupled, multidisciplinary analyses. Studies applying SOO are optimized based on a single
parameter with a single analysis. The SOO methodology process, very similar to that of the general
process presented in Section 1.1, is shown in Figure 10. A summary of the literature reviewed in this
section is included in Table 4 of the “Literature Summaries by Optimization Methodology” supplementary
materials document.

77777777 [Problem F0rmulation}————~~ «'**"**——————{Optimization Procesg]ﬁm,mm“
| BTMS N

i | BTMS design optimization ‘ : Optimization

| design ‘ : algorithm

Optimization
BTMS setup
analysis | |
models ;
Optimization Loop}|—+—— |

{Re-formulate’
i problem

Design
variable
update

Optimal
BTMS
design

obtained?

Objective and

constraint
update

{Yes
Optimization T ‘
complete |

Figure 10: Generalized process of the single objective optimization methodology.

5.1 Newton Algorithm
The Newton algorithm is an iterative methodology for finding the roots of a differentiable function. When
applied to the derivative of a function, the Newton algorithm can determine critical points of the function
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such as minima or maxima. Using a nested loop methodology combined with the Newton algorithm,
Chen et al. [26] first optimized a Z-type air-cooling BTMS. This study aimed to minimize the airflow
velocity standard deviation (v, ) in the BTMS channels by considering the widths of the inlet divergence
and outlet convergence plenums. The study introduced a network flow model for calculating the airflow
velocity in the BTMS channels. The system was optimized separately considering a fixed inlet flow
rate and a fixed fan power consumption. The results showed a substantial decrease in AT},,x for both
optimization cases. Chen et al. [113] then conducted a similar study, now optimizing a U-type air-
cooling BTMS instead of a Z-type system. The same objectives, design variables, and battery pack were
used in the same optimization procedure. The results showed that the optimized U-type BTMS was able
to significantly reduce the AT},.x, and the power consumption. The optimized U-type BTMS showed a
superior cooling performance to the optimized Z-type BTMS from the previous study.

5.2 Numeration Method

Chen et al. implemented a numeration methodology for the optimization of the cell spacing in three
Z-type air-cooling systems [21,114,115]. The numeration methodology involves iteratively adjusting the
design variables based on knowledge of objective sensitivity to these design variables. For example, with
cell spacing, it was determined that increasing the spacing around a cell decreases this cell’s maximum
temperature. As a result, the numeration process increases the spacing around the cell with maximum
temperature, while decreasing the spacing around the cell with the lowest temperature in each iteration
until 7}, or AT, are optimized.

The first study [114] used a network resistance flow model coupled with a heat transfer model to
minimize Tp,,x. The second study [115] experimentally validated the flow model and added a correction
factor to make it more accurate and used it to minimize the v, in the channels. Both studies considered
24 prismatic LIBs; however, the first study [114] considered steady heat generation for the optimization
process, while the second study [115] considered unsteady heat generation. Better BTMS cooling im-
provements were obtained in the second study [115]. This was accredited to the use of a more realistic
unsteady battery heat generation model, implementing the improved network flow model, and consider-
ing different optimization objectives, minimizing v, versus Ti,.x. Chen et al [21] optimized the Z-type
system again with the same design variables and methods but used a CFD model instead of the simplified
flow network model. Further, the objective was to minimize AT},,x as opposed to T or v,. The results
indicated that the optimization using the CFD model was able to obtain better results for AT, compared
to the previous studies.

Re-examining the plenums of a Z-type air-cooling BTMS, Chen et al. [27] considered curved as
opposed to linear geometry with the same numeration based optimization methodology. A CFD model
was used to evaluate the performance metrics of Tj.x, ATmax, and Ap. The network resistance flow
model was used during the optimization process to compute the velocity distribution in the channels. The
objective was again to minimize v, ; however, the design variables were the heights of the control points
forming the curved plenum shapes. The optimized curved plenums were able to further reduce AT}«
compared to the optimized linear plenums without an increase in Ap.

Finally, instead of considering a specific flow configuration, Chen et al. [116] used the numeration
optimization methodology to optimize the inlet and outlet position of an air-cooling BTMS. First, a series
of inlet and outlet configurations were tested using a CFD model. It was found that a symmetric BTMS
where the inlet and outlet were located in the middle of the plenums had the best performance in terms
of limiting T},.x and ATp.x. The inlet and outlet positions were then optimized, and the final design
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showed an improvement in 7},,x and AT}, with limited change in the power consumption compared to
a standard Z-type air-cooling BTMS. Compared to the symmetric BTMS found in the first part of the
paper, the optimized design showed a similar 7},,c; however, AT},.x and the power consumption were
further improved.

5.3 Direct Optimization

Depending on the models used to compute objective values, it may be possible to directly optimize the
objective function. This methodology is similar to that described in Section 2.2, without the need for
the development of a surrogate model, as well as in Section 3.5. Chen et al. [117] examined the direct
optimization of Z-type, U-type and I-type air-cooling BTMSs. The I-type BTMS was similar to the
optimal system found in the first part of their study investigating inlet and outlet positions of air-cooling
BTMSs [116]. An inverse flow resistance network model was developed and solved directly to obtain the
optimal flow distribution in the channels and corresponding battery cell spacing. A 2D CFD model was
used to calculate the temperatures of the system. The optimal designs from the inverse flow resistance
network model as well as the CFD results were experimentally validated. The optimized U-type system
was found to have the best performance, while all three BTMSs showed improvements in 7}, and AT}«
with limited change in power consumption.

Directly optimizing a field synergy equation, Hou et al. [118] obtained the optimal parameters
of a Z-type air-cooling system. Two optimization processes were completed; the first considered cell
spacing with linear plenums, while the second considered curved inlet plenum control point heights. An
experimentally validated CFD model was used to evaluate the performance metrics of 71, ATax, and
Ap considering unsteady uniform heat generation. The synergy equation was solved to obtain the optimal
flow distribution, and a network resistance flow model then determined the required structural parameters
of the system to obtain this distribution. A better performance increase for AT},,x was observed with the
plenum angle optimization at the cost of a higher Ap compared to the cell spacing optimization.

5.4 Sequential Quadratic Programming

As previously mentioned, SQP is a popular iterative methodology used for constrained non-linear opti-
mization problems. Jarrett and Kim [119, 120] used a SQP methodology to optimize serpentine channel
cold plate channel positions and widths with various boundary conditions (BCs). Jarrett and Kim [119]
first optimized the channel geometry of the serpentine channel cold plate for a constant heat flux BC.
A CFD model was developed to evaluate the optimization objectives of Ty, 75, and Ap. No specific
battery heat generation was specified; instead, uniform heat fluxes on the top and bottom surfaces of the
cold plate were used as the BCs. The optimization was conducted for each objective separately, and it
was shown that there was no optimal design that satisfied all objectives simultaneously. Regardless, the
optimal design for each scenario was able to substantially reduce the objective value as compared to the
initial design. The second study by Jarrett and Kim [120] extended the results to varying BCs considering
the same analysis and optimization methods, objectives, and design variables. In the second study, four
different heat flux gradients, three varying magnitude uniform fluxes, as well as three different inlet flow
rates for a uniform heat flux were considered. In total, nine different BCs were studied, with each objec-
tive being optimized separately for each BC, resulting in 27 optimal systems. This study confirmed, as
in the previous study, that no single optimal design satisfied all objectives and extended this conclusion
for the additional BCs considered here. Further, it was shown that the 7;, optimized designs were very
sensitive to the BCs - an optimal design for one BC would perform poorly for another. It was concluded
that the appropriate BC should be used when optimizing for 7, and if the exact BC is not known to use a
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uniform heat flux. For T}, it was less important to use the correct BC, and the BCs investigated did not
influence Ap.

5.5 Heuristic Methods

Many BTMSs have been optimized using SOO heuristic methodologies such as the GA, PSO, CS, and
ABC methods. Many of these heuristic methods have variations for MOO problems, previously described
in Section 3. Three systems were optimized using GAs: Mousavi et al. [121], Afzal [22], and Lyu et
al. [122]. All three studies optimized various configurations of air-cooling systems with a range of battery
types and analysis methods. Mousavi et al. [121] considered cylindrical LIBs with constant surface
temperatures in a convective heat transfer analytical model to maximize the number of heat transfer
units. The airflow cooling pipe diameter and inlet velocity were considered as the design variables,
and an optimal arrangement was obtained with a GA. Instead of a symmetric flow arrangement, Lyu et
al. [122] sequentially optimized the plenum angles of a Z-type air-cooling system followed by the cell
spacing of the prismatic cells. An experimentally validated electro-thermal model was combined with a
network flow resistance model to minimize the v, in both optimization processes. The plenum angles
were optimized using a full-search methodology, evaluating all possible combinations of plenum angles
defined by the constraints. The battery spacing was then optimized using a GA, and the final design was
able to reduce both T}, and AT .

Afzal [22] optimized the steady uniform battery heat generation term, coolant Re, conduction-
convection parameter, aspect ratio, and cell spacing of an air-cooling U-type BTMS. Three separate
optimization processes were carried out with single objectives of maximizing the average Nu, minimiz-
ing the Fc, and minimizing 7.,.,x. This study was similar to a study previously completed by Afzal and
Ramis [103] discussed in Section 3.6, and considered the same BTMS, CFD model, design variables,
objectives, and optimization algorithms. This study considered the objectives individually, whereas the
previous study completed a MOO process. Both studies used single objective GAs as the MOO process
used fuzzy logic to combine the objectives. The previous study also considered a single objective PSO
algorithm in addition to the single objective GA.

In a similar study to that by Chen et al. [101], discussed in Section 3.6, Chen et al. [102] consider-
ing the same Z-type air-cooling BTMS and system analysis models. This work implemented a stud-GA,
introducing a new methodology for how the design variables are shared to subsequent iterations of the al-
gorithm compared to traditional GAs. The best performing, or stud, solution is selected to share its design
variables with subsequent designs instead of a stochastically selected solution. This study minimized the
system volume while imposing constraints on 7},,,, and AT}, instead of considering these as objectives.
The optimization process was completed considering the convergence plenum angle and width, and the
divergence plenum angle as the design variables. In comparison to the study by Chen et al. [101], this
work did not include the width of the battery unit and inlet airflow velocity as design variables. The
optimal design was able to reduce the volume while maintaining 7},,x and AT, at acceptable values.

A PSO algorithm, instead of a GA, was implemented by Xie et al. [123] to optimize the cell spacing
of a Z-type air-cooling BTMS to minimize AT},,x. An experimentally validated analytical electro-thermal
model was used for the analysis. In contrast to a majority of the literature reviewed, the battery heat
generation model considered the interactions of state of charge (SOC), current, heat generation, and
temperature. An inertia factor and the spatial neighborhood method were used with the PSO algorithm to
improve the optimization efficiency and speed. The optimal design reduced the objective of AT},,, while
also reducing 7p,,x and the difference in branch current between parallel cell connections, improving the
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battery life.

Two other heuristic algorithms, the CS algorithm and the ABC algorithm were compared by Afzal et
al. [57] to separately maximize the average Nu and minimize the Fc. Note that this study also compared
these algorithms for MOO of the same system, discussed in Section 3.6, using the same design variables
and system analysis models. The results indicated that for SOO the CS algorithm found more optimal
solutions, however at the cost of less optimal secondary parameters. This is contrary to the MOO process
for which the ABC algorithm found more optimal solutions. Similarly to the MOO results, the SOO
concluded that nanofluids and thermal oils were the best coolants.

5.6 Summary of Single Objective Optimization Methodologies

The application of SOO is typically for simpler BTMSs, with well-behaved objective and constraint func-
tions compared to the other methodologies. This allowed the application of more non-heuristic method-
ologies to BTMSs. The Newton algorithm is an efficient non-heuristic SOO methodology; however,
generally, it does not allow the optimization problem to be formulated with constraints, making it diffi-
cult to apply to BTMSs where temperature or spatial constraints are commonly required. The numeration
method is also efficient but requires specific knowledge of the objective function. The SQP methodology
is well established and can solve non-linear optimization problems with constraints and does not require
specific knowledge about the objective function. This makes it applicable to a wider range of BTMS
optimization formulations than the Newton algorithm or numeration method. Heurstic methods, as with
SMDO and MOO methodologies, were popular SOO methodologies that can solve problems where other
methodologies fail.

6 Design of Experiments Optimization

Design of experiments (DOE) presents a methodology for evaluating an experiment or problem involving
many design variables referred to as factors, with each factor having several possible values, referred to
as levels. Evaluating all possible combinations of factor levels and performing a full search would be
impractical in many cases. Design of experiments provides a methodology for evaluating the design
without testing all possible combinations; instead, a subset of designs that offers full coverage of the
design domain is determined. The subset of designs is evaluated according to the objectives and the
optimal design from the subset is obtained. While DOE generally does not obtain globally optimal
solutions, it does give locally optimal results based on the factors and levels specified and thus has been
included in this review.

Different DOE methods have been referred to as sampling methods previously in this review when
developing a database for surrogate modeling. Sampling and DOE refer to the same set of methodologies
with the terminology changing based on the intended application: these methodologies are referred to as
sampling methods if used for surrogate modeling, or DOE methods if used to directly obtain an optimal
design. Design of experiments methodologies are applicable where the system analysis models are too
expensive for direct use in the optimization algorithms, but where the relationship between the design
variables and constraints cannot be represented by surrogate models. The general process flow for the
implementation of DOE methodology is shown in Figure 11. Note this process is quite different than
that presented for a general optimization process in Section 1.1. Instead, it is more representative of the
sampling portion of the SMDO methodology process, presented in Section 2. Here, a direct evaluation
of the generated database is used to determine the optimal designs instead of training a surrogate model
and completing another optimization process.
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Figure 11: Generalized process of the design of experiments methodology.

All reviewed BTMS studies in this section used CFD models to evaluate the objectives. A sum-
mary of the literature reviewed in this section is included in Table 5 of the “Literature Summaries by
Optimization Methodology” supplementary materials document.

6.1 Orthogonal Design

Orthogonal design is a specific DOE methodology that aims to extract an orthogonal array, where each
row of the array represents a combination of factors to be evaluated. The array represents a subset of
combinations, much smaller than the total number of combinations. Each column in the array represents
a factor, and the columns of the array are orthogonal to each other. Once the array has been constructed
it contains design points uniformly scattered over the design domain. The combinations in the array are
all evaluated, and the best-performing combination based on pre-defined evaluation criteria is selected
as the optimal design. Orthogonal design processes are described using a specific notation; for example,
L8 (27) indicates a process which uses eight model evaluations to investigate a system with seven factors
(design variables) each having two levels (values).

A number of studies were conducted using orthogonal design for air-cooling BTMSs with slightly
different objectives, design variables, and battery pack parameters. Xie et al. [124] and Zhang et al. [24]
both examined the inlet and outlet structures of air-cooling BTMSs but for U-type and T-type configura-
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tions, respectively. Xie et al. obtained a design that improved cooling performance in terms of 7, and
AT using an L8 (27) orthogonal design. Zhang et al. also obtained similar results but with an L25
(5%) orthogonal design. Liu et al. [125] used an L16 (4°) orthogonal design to optimize the design of a
symmetric air-cooling BTMS with reciprocating airflow. The orthogonal design was able to obtain values
of the inlet airflow velocity and temperature, and airflow reciprocation period that improved the objective
values of Tp.x and AT.x. Feng and Hu [126] optimized an air-cooling system with the addition of a
finned heat exchanger to minimize the temperature rise using an L9 (3%) orthogonal design. An optimal
design for the inlet airflow velocity, fin thickness and the number of fins was determined.

Similarly, a number of studies used orthogonal design to optimize liquid-cooling cold plate designs:
Pan et al. [32] used an L16 (4%) orthogonal design to obtain optimal parameters for the side cold plate
geometry and coolant mass flow rate of a parallel channel liquid-cooling system. Experimentally vali-
dated uniform heat generation was used in the CFD model, which was able to compute the objectives
of Th.x and AT},.«. The optimal design was obtained, and range analysis was completed for the design
variables. Wang et al. [127] used an L16 (4°) orthogonal design to obtain the optimal combination of
bottom cold plate width, mini-channel interval, and inlet mass flow rate for a mini-channel cold plate
BTMS. Experimentally obtained data for the heat generation during a 2C discharge was implemented in
the CFD model for T},.x and AT},,x computations.

Wang et al. [128], E et al. [129], Wang et al. [16], and Shang et al. [130] also all used orthogonal
design to study cold plate channel geometry, inlet flow velocity and temperature, and cold plate arrange-
ments. Battery pack specifications and the exact geometry of the plates varied between studies; however,
the general procedures were similar. All studies were able to obtain more optimal designs through the
implementation of the orthogonal design. Additional details of these studies can be found in Table 5 of
the ”Optimization Methodology Literature Summaries” supplementary materials document.

Xu et al. [131] and Wang et al. [132], and Guo and Li [133] studied variations of traditional cold
plate channel geometries using L16 orthogonal design and range analysis. Xu ef al. used L16 (4%)
orthogonal design to optimize the geometry of added channel splitters in a parallel channel bottom cold
plate. Wang et al. used L16 (4%) orthogonal design to optimize the geometry of bionic spider-web
channels in a cold plate. Instead, Guo and Li used L16 (4%) orthogonal design to optimize the channel
geometry and inlet mass flow rate of a parallel-spiral serpentine channel cold plate with added aluminum
plates. Xu et al. looked to minimize the AT}, Wang et al. looked to minimize 7T.x, ATmax, and Ap,
while Guo and Li minimize 7},ax, AT max, and power consumption. Guo and Li also used variance analysis
in addition to the range analysis to determine the effects of the design variables on the objectives.

Two studies used L16 (4°) orthogonal design for hybrid BTMSs. Wang et al. [134] optimized
a hybrid cell sandwiched heat-pipe and liquid-cooling system to minimize T},.x and ATp,,. Optimal
parameters for the battery spacing, conduction element thickness and height, and the circumference angle
between cells and conduction elements were obtained. Bai et al. [135] optimized a hybrid liquid-cooling
parallel channel cold plate system with a phase change slurry as the coolant. The phase change slurry
consisted of a micro-encapsulated PCM in a carrier fluid. An experimentally validated heat generation
model was used in the CFD model to compute 7},.x, AT max, and Ap values.

Fuzzy grey relational analysis (FGRA) has been used to evaluate orthogonal design results for final
design selection. Much like MOO problems, if there are multiple objectives, then there may not exist
a single solution, and FGRA presents a quantitative method of selecting a final design. E er al. [136]
conducted an L9 (3*) orthogonal design for a varying configuration air-cooling system. Using FGRA and
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the orthogonal design results, a final design was selected for the inlet and outlet configuration parame-
ters improving Tyye, ATma, and the heat conduction coefficient. Similarly, using FGRA, He et al. [44]
studied a heat-pipe and parallel channel bottom cold plate liquid-cooling hybrid system. The conduction
plate height, thickness, and covering angles between the batteries, heat pipes and conduction plate were
considered as the design variables. An L16 (4%) orthogonal design was completed to minimize Tj,.x and
ATma)v

Instead of completing a single orthogonal design process, Li ef al. [137] completed 3 sequential
L.27 (13%) orthogonal designs to optimize an air-cooling system. During optimization, the number, sizes,
and positions of inlets and outlets were considered as the design variables, in addition to the cell, module
and pack spacing. For the sequential orthogonal designs, the most critical parameters for performance
were selected and further investigated in the subsequent orthogonal design processes. Similarly, Xie et
al. [138] used a priori weighting with an iteration algorithm and L.27 (13%) orthogonal design to optimize
a serpentine channel side cold plate liquid-cooling system. Two separate optimization procedures were
completed considering the channel geometry parameters and plate thickness as the design variables. The
first was to minimize 7},,, and the second was to minimize 7},,x and mass simultaneously. An optimal
design was obtained, and a range analysis was completed for the design variables.

6.2 Latin Hypercube Sampling

Latin hypercube sampling is another specific DOE methodology, which is also a popular sampling tech-
nique used when training surrogate models as observed in the SMDO and MOO applications discussed in
Sections 2 and 3. Latin hypercube sampling can generate a near-random sample of design variables with
an even distribution over the design domain and can be used independently to perform a DOE optimiza-
tion process. Using LHS, Bulut ez al. [139] optimized a serpentine channel side cold plate liquid-cooling
system. An experimentally validated unsteady uniform heat generation model was used in a CFD model
to compute the objective values of Ty, Ap, and the convective heat transfer coefficient. Grey relational
analysis was used to select the optimal design, determining the width and height of the serpentine channel
as well as the mass flow rate of the coolant.

6.3 Summary of Design of Experiments Optimization Methodologies

All reviewed BTMS studies that implemented DOE methodologies used CFD BTMS analysis models,
where the computational cost of these models limited their direct use in optimization processes. While
SMDO produce more optimal results, if a relationship between the BTMS design variables and objectives
or constraints is difficult to model, this means only DOE methodologies can be implemented. The CCD
method was used for BTMS optimization considering a varying number of design variables and design
variable values. Considering more design variables and design variable values gives a more thorough
investigation of the BTMS design space but requires more computational resources. Compared to the
sampling methods for SMDO methodologies where LHS was most popular, CCD was the dominant
DOE method. Design of experiments allows locally optimal BTMS designs to be obtained when other
design optimization methodologies are not possible.

7 Comparing Design Optimization Methodologies

The five design optimization methodologies discussed in this review - surrogate-model-based design opti-
mization (SMDO), multi-objective optimization (MOO), multidisciplinary design optimization (MDO),
single objective optimization (SOQO), and design of experiments (DOE) - provide methods for solving
unique battery thermal management system (BTMS) design problems. This section summarizes the gen-
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eral scope of application and the advantages and disadvantages of each methodology. Here, we also
include general guidelines for selecting an appropriate methodology based on the problem formulation.
These guidelines are formed based on the optimization of BTMSs; however, they are also generally
applicable across other applications.

Designers of BTMSs choose a design optimization methodology mainly based on how they formu-
late the problem. The overall methodology selection is mainly a consequence of problem formulation
details, including the design variables, objectives, and BTMS analysis models. Once the problem has
been formulated, and the system analysis models have been developed, the resultant methodology can
be determined. If the selected BTMS design variables are interdependent between the system analysis
models, typically the case when considering battery lifetime and BTMS cooling performance, a MDO
methodology is recommended. High-cost system analysis models will generally limit their direct use in
optimization processes, instead requiring SMDO methodologies. However, even if the system analysis is
expensive, it may not be possible to use a SMDO methodology in all cases. A strong relationship between
the design variables and objectives or constraints is required for surrogate models to be developed. In
these scenarios where the cost of the system analysis models hinders their direct use in optimization pro-
cesses, and there are no strong relationships between the design variables and objectives or constraints,
DOE methodologies may be required. Subsequently, the number of objectives will determine whether to
use a MOO or SOO methodology.

For the purposes of classifying the literature in this review, in Section 2, we included only SMDO
studies that did not implement other MDO or MOO methodologies. Similarly, in Section 3, we did
not include studies that implemented MDO methodologies, only MOO methodologies. This allowed
studies to be classified into single sections even if they implemented multiple methodologies. The process
of determining the required design optimization methodology for a specific BTMS is summarized in
Figure 12, which shows the generalized methodology selection process where multiple methodologies

may be implemented.
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Figure 12: Generalized decision flow diagram for the selection of battery thermal management system
design optimization methodologies.
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The methodologies studied here have inherent advantages and disadvantages that need to be consid-
ered when formulating the BTMS design optimization problem. Here, we discuss general advantages and
disadvantages; however, in practice, there may be exceptions based on specific BTMS design problems.
First, implementing a MDO methodology can give more accurate results for coupled interdisciplinary
problems but may introduce additional constraints, objectives, and design variables, increasing the size
and complexity of the optimization problem.

When used appropriately, SMDO methodologies will reduce the cost of a BTMS optimization pro-
cess. However, the surrogate model will not be a perfect representation of the BTMS analysis models,
slightly changing the resultant optimal designs. When developing a SMDO methodology, the cost of
obtaining the training database needs to be considered in addition to the cost of the optimization process.
After this consideration, a pure MOO or SOO methodology may be more efficient. Another important
consideration is that before implementing the surrogate model training process, it is difficult to know
whether there will be strong enough relationships between the BTMS design variables and objectives or
constraints. This could result in wasted resources or the unintended use of a DOE methodology. How-
ever, after obtaining the training database it is possible to iterate with the design optimization formulation,
allowing for a more thorough investigation of the BTMS design. Once the surrogate models are obtained,
it is also possible to quickly tune the optimization parameters as the majority of expense in the SMDO
methodology is associated with the database generation. A DOE methodology may be necessary in cases
where SMDO is not possible; it presents a computationally efficient method of determining locally opti-
mal designs. However, DOE methodologies do not obtain globally optimal designs and where possible
SMDO methodologies will produce better designs.

Implementing a MOO methodology results in BTMS designs with trade-offs between the objectives,
presenting all of the possible optimal designs. However, compared with SOO, the MOO methodology
is more expensive, and if the BTMS designer already has preferences for the objectives, it may not be
necessary. While SOO is typically less expensive than MOO, in many real BTMS design scenarios, it is
not possible to reduce the problem to a single objective, making it difficult to apply SOO methodologies
in practice.

The advantages and disadvantages of the five design optimization methodologies implemented for
BTMSs are summarized in Table 1, showing the impact that each methodology has on five areas of
importance: Cost, Implementation, Ease of Iteration, Accuracy, Optimality, and Practical Application.
Cost refers to the expense of the overall optimization methodologies, including computational or time
expenses. Implementation indicates how easily a methodology is applied to a problem. Ease of Iteration
refers to how quickly the problem can be iterated upon with different optimization parameters, design
variables, objectives, or constraints. Accuracy indicates whether the methodology improves or reduces
the accuracy of the predicted results. Optimality refers to whether the methodology obtains globally op-
timal results true to the system analysis models. Finally, Practical Application indicates the applicability
of methodologies to real-world systems.
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Table 1: Summary of battery thermal management system design optimization methodology advantages
and disadvantages: (<) indicates negative impact, (-) indicates neutral impact, and (v") indicates positive
impact.

4
‘§9
S X9
& & § >
s O 5§ & F
$&HFILS
Methodology O & & v O & Comments
Surrogate-model-based v | x|v | x| x|v|<* Allows for fast iteration
design optimization (SMDO) * May reduce accuracy and not produce globally op-
timal BTMS design
Multi-objective optimization | x | x | - - - | v« | * Allows for multiple objectives, giving more holistic
(MOO) analysis of the BTMS
* Increased computational cost to obtain set of opti-
mal BTMS designs
Multidisciplinary designopti- | x | x | - | v | v | v | ¢ Higher accuracy for optimal results when BTMS
mization (MDO) analysis, design variables, and objectives are inter-
connected
* Increased computational cost and complexity
Single objective optimization | - | v | - | - | - | x | * Computationally cheap and simple process
(SO0) » Limited applicability for real BTMS design
Design of experiments (DOE) | v | v | v | - | x | x | * Computationally cheap, simple process, and appli-
cable when SMDO not possible
e Obtains only locally optimal BTMS designs,
SMDO will improve results when possible

8 Challenges and Opportunities

This literature review discussed recent design optimization studies applied to battery thermal manage-
ment systems (BTMSs), categorizing them into surrogate-model-based design optimization (SMDO),
multi-objective optimization (MOQO), multidisciplinary design optimization (MDO), single objective op-
timization (SOQ), and design of experiments (DOE) optimization methodologies. Most of these studies
were completed over the last five years, highlighting the relatively recent and growing interest in applying
design optimization methodologies to enhance BTMS design. By categorizing these studies according to
the applied optimization methodology, it was possible to compare the advantages, limitations, and gaps
of available design optimization methodologies and their suitability for different BTMS types. It also
allowed the identification of common optimization objectives and design variables.

Most design optimization studies have focused on minimizing maximum battery temperature, spa-
tial temperature difference, standard deviation of airflow velocities, pressure loss, or volume. Limited
studies have focused on minimizing thermal resistance, surface friction coefficient, and state of charge
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(SOC) difference between cells, or maximizing heat transfer coefficient, Nusselt number, battery life-
time, and exergy. Also, most studies used geometric parameters as design variables, including cooling
channels or inlet/outlet geometry and position, coolant flow rate and/or temperature, and battery spacing.
Multi-objective optimization methodologies were the most widely applied, while MDO saw limited ap-
plications. For MOO, genetic algorithms (GAs) were the most common methodologies, specifically the
non-dominated sorting genetic algorithm II (NSGA-II) and multi-objective genetic algorithm (MOGA),
while multi-objective particle swarm optimization (MOPSO) algorithms were also widely applied. Most
design optimization studies used steady state, uniform heat generation or constant heat flux boundary
conditions to model battery heat generation. Few studies employed transient, non-uniform models, while
a single study [54] implemented a surrogate model based on experimental results to determine the heat
generation rate.

The reviewed design optimization studies were applied to BTMSs considering a wide range of
operating conditions (e.g., battery charge/discharge and heat generation rates) and battery models, sizes,
capacities, and voltages. These variations, along with varying BTMS sizes and ambient conditions, made
it difficult to directly compare different BTMSs and design optimization methodologies. Further, all
optimized BTMSs were compared to different baseline systems, making it also difficult to analyze the
effectiveness of the optimization methodologies. This highlights the need to establish standards, baseline
systems, or metrics to evaluate BTMSs more effectively and to identify higher-performing BTMSs and
optimization methodologies. In the absence of BTMS standards or comparison metrics, a performance
evaluation of common BTMSs with standardized battery properties, sizes, and ambient conditions would
provide a valuable benchmark and baseline with which to compare future systems.

Benchmarking BTMS design optimization methodologies requires further research. We have com-
pleted a qualitative comparison of the design optimization methodologies in Section 7; however, the
literature lacks a more comprehensive quantitative analysis. The effectiveness, efficiency, and quality of
results obtained from different optimization methodologies applied to BTMSs have not been systemat-
ically addressed. The area of BTMS design would benefit from benchmark studies comparing the per-
formance of different types of design optimization methodologies applied to the same BTMS, to provide
heuristics for optimization methodology selection.

The influence of different battery heat generation models on BTMS design optimization outcomes
has not been investigated. Only one study suggested that more accurate battery heat generation models
could improve optimization results [115]; however, this has not been further investigated. Understanding
how model fidelity impacts the quality of optimal results would allow for a better selection of models and
optimization methodologies based on design needs and available computational resources. For instance,
adopting higher fidelity models accounting for intra- and inter-cell non-uniform heat generation rates
across battery packs will result in optimal BTMS designs enabling more uniform battery temperatures
and ultimately enhancing battery lifetime. However, further research is needed to better understand
the trade-off between model fidelity and computation cost, as well as the scalability of the multiscale
optimization problem from battery cell to module to pack.

Very few studies applied optimization objectives directly considering the influence of BTMS design
on battery lifetime or electric vehicle (EV) range. Most studies considered these objectives indirectly,
for example, minimizing coolant pressure drop across the system, thereby reducing BTMS power con-
sumption and thus extending EV range. Directly optimizing for either of these objectives could lead to
performant BTMS designs, incorporating more effectively the effect that cooling performance has on
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these metrics. The challenge with using either battery lifetime or EV range as optimization objectives
lies in the need for additional, often computationally expensive models to compute these values.

Battery pre-heating is another aspect of BTMS design that has not been extensively investigated.
Minimizing battery warm-up time during cold start conditions is an essential BTMS function in cold
climates that is rarely addressed in design optimization studies. By improving BTMS heating functions,
batteries could perform at optimal conditions for longer times, thus increasing EV range and limiting
battery degradation while also allowing for faster charging. Further, none of the optimization studies
considered heating and cooling performance simultaneously. Designing BTMSs for optimal heating and
cooling simultaneously could identify conflicts between both objectives. Additionally, solutions could be
determined that satisfy both requirements or at least highlight the possible design trade-offs.

More recent optimization studies have been applied to hybrid BTMSs incorporating different as-
pects from liquid, air, phase-change material (PCM), and heat-pipe cooling methods. Hybrid BTMSs
offer advantages by combining favorable aspects from various cooling methods. For example, combin-
ing PCM and indirect liquid-cooling methods offers increased safety through a reduced risk of battery
thermal runaway and improves temperature uniformity. Indirect liquid cooling prevents heat accumula-
tion in the PCM at high charge-discharge rates and during long operating times. Design optimization of
hybrid BTMSs is a relatively new area of ongoing research, with many opportunities for developing and
optimizing novel BTMSs or further optimizing existing systems. Developments in hybrid BTMSs could
further enhance the cooling performance and safety of battery systems.

This review demonstrates the capabilities of design optimization methodologies in advancing BTMS
performance, while also highlighting areas of future research that could lead to further performance
improvements.
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