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Abstract

Conjugate heat transfer (CHT) analyses are vital for the design of many energy systems. However, high-fidelity CHT
numerical simulations are computationally intensive, which limits their use in applications such as design optimization,
where hundreds to thousands of evaluations are required. In this work, we develop a modular deep encoder-decoder
hierarchical (DeepEDH) convolutional neural network, a novel deep-learning-based surrogate modeling methodology
for computationally intensive CHT analyses. Leveraging convective temperature dependencies, we propose a two-stage
temperature prediction architecture that couples velocity and temperature fields. The proposed DeepEDH methodology
is demonstrated by modeling the pressure, velocity, and temperature fields for a liquid-cooled cold-plate-based battery
thermal management system with variable channel geometry. A computational mesh and CHT formulation of the
cold plate is created and solved using the finite element method (FEM), generating a dataset of 1,500 simulations.
The FEM results are transformed and scaled from unstructured to structured, image-like meshes to create training and
test datasets for DeepEDH models. The DeepEDH architecture’s performance is examined in relation to data scaling,
training dataset size, and network depth. Our performance analysis covers the impact of the novel architecture, separate
DeepEDH models for each field, output geometry masks, multi-stage temperature field predictions, and optimizations
of the hyperparameters and architecture. Furthermore, we quantify the influence of the CHT analysis’ thermal boundary
conditions on surrogate model performance, highlighting improved temperature model performance with higher heat
fluxes. Compared to other deep learning neural network surrogate models, such as U-Net and DenseED, the proposed
DeepEDH architecture for CHT analyses exhibits up to a 65% enhancement in the coefficient of determination R2.
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convolutional neural networks, conjugate heat transfer, battery thermal management
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Nomenclature

Acronyms

ANN artificial neural network

CFD computational fluid dynamics

CHT conjugate heat transfer

CIC convolution-in-convolution

DeepEDH modular deep convolutional encoder-decoder hierarchical

FCN fully convolutional network

FEM finite element method

FPN feature pyramid network

MSE mean squared error

PDE partial differential equation

RMSE root mean square error

SCC Spearman’s rank correlation coefficient

SOC state of charge

Symbols

F body force

I identity tensor

K stress tensor

n unit normal vector

q heat flux

u velocity

∆H enthalpy difference

ṁ mass flow rate

µ dynamic viscosity

ρ density

–V volume

A area

Cp specific heat capacity

dbc boundary condition thickness

h convective heat transfer coefficient

I current

k thermal conductivity

p pressure

P0 power source

p0 outlet pressure

Q heat source

R2 coefficient of determination

T temperature

t time

Text external temperature

V voltage
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1. Introduction

Heat transfer analyses are vital for designing many energy systems, with applications ranging from batteries and fuel
cells to electric vehicles and power generation. For many of these systems, temperature directly impacts their perfor-
mance, requiring effective thermal management. Designing and optimizing thermal management systems requires ac-
curately predicting their heat transfer behavior. Many of these applications use convection-based thermal management
systems and require the consideration of heat transfer in both solid and fluid domains simultaneously; such analysis
is known as conjugate heat transfer (CHT). Different governing partial differential equations (PDEs), the momentum,
continuity, and energy equations, exist for the solid and fluid domains and are coupled at the solid-fluid interface.
Solving these equations in each domain requires a dynamic update of the interface boundary condition. Analytical so-
lutions for CHT problems are limited and often rely on simplifications, limiting their practical applicability [1]. Instead,
numerical approaches are commonly used to solve CHT problems [1], but these approaches can be computationally
expensive, especially for high-fidelity three-dimensional solutions. Directly using high-fidelity models is unfeasible in
many practical applications due to time and computational constraints. For example, design optimization typically re-
quires thousands of model evaluations, whereas control and digital twin applications often have limited computational
resources [2, 3, 4]. To address these challenges, reduced-order surrogate models can approximate the behavior of the
system at a decreased computational cost, enabling their use in applications like design optimization [2], control [3],
and digital twin systems [4], where high-fidelity models are impractical.

Data-driven surrogate modeling methodologies have been proven effective in approximating the behavior of complex
engineering systems. Surrogate modeling requires a regression task where the input needs to be mapped non-linearly
to the output. These approaches rely on input-output data observations to construct an approximation for the map-
ping or relationship of interest. While some works incorporate physics-based constraints into the surrogate model
[5, 6, 7, 8], most data-driven approaches are purely data-based, requiring no prior knowledge of the system. Common
approaches include polynomial regression, symbolic regression, Kriging, radial basis functions, and artificial neural
networks (ANNs). Many studies have applied these approaches to predict specific values, such as extreme temper-
atures, velocities, or pressures, without reconstructing entire physical fields [2]. For instance, polynomial response
surface and Kriging methods have been used for shape optimization of turbine blades from temperature and pressure
predictions [9], boiler superheaters have been optimized using polynomial basis functions to predict heat transfer rates
[10], and symbolic regressions have been applied in building energy demand response optimization [11]. Artificial
neural networks have been used for various predictions, including closure coefficients for turbulent heat flux models
in forced convection flows [12], internal fridge temperatures [13], maximum chip temperatures [14], and electronic
component temperatures and flow velocities in nanofluid filled enclosures [15, 16, 17, 18]. While these traditional
data-driven methodologies are effective for specific value predictions, they are typically incapable of reconstructing
full physical fields and handling high-dimensional or permutation-invariant inputs without significant computational
overhead, limiting their application to low-dimensional regression problems.

Alternatively, deep neural network data-based surrogate modeling approaches have been effective for applications
involving regression of complex and non-linear behaviors. These approaches are characterized by their numerous
layers, making them distinct from shallow ANNs and other data-based methods. Comparatively, deep neural networks
can accurately reconstruct full physical field results, yielding similar accuracy for specific values derived from these
fields [19]. Most research in this area has focused on convolutional neural networks (CNNs), which, initially designed
for image classification, have proven effective for high-dimensional surrogate modeling. Levering a combination of
linear convolution operations and non-linear activations, CNNs extract features from inputs to predict relevant outputs.

Convolutional neural networks have proven effective for surrogate modeling of engineering systems in various applica-
tions. For example, they have been used to reconstruct cooling effectiveness fields for transpiration cooling [20], predict
velocity fields around a cylinder [21], predict battery lifetime [22], and estimate electric vehicle spatial distributions for
electricity grid planning [23]. Extending CNNs, encoder-decoder architectures use a sequence of convolutional layers
to reduce the input size to a low-dimensional latent space, or code dimension, followed by a series of deconvolutional
layers to reconstruct the output. Compared to traditional CNNs, encoder-decoder architectures extract multi-scale fea-
tures from the input more effectively. Initially developed for image reconstruction, these architectures have recently
been applied as surrogate models for various engineering systems. For example, encoder-decoder CNN models have
been used to predict flow fields around different objects [24] and airfoils [25], shale gas production [26], as well as
CHT temperature and velocity fields [27].

To enhance information propagation within encoder-decoder networks, especially in cases with a direct input-output
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dependency, the U-Net architecture [28] introduced skip connections to link the encoder and decoder sections. U-
Net architectures have since been used to reconstruct temperature and velocity fields in various applications, such as
nanofluid-filled finned absorber tubes for natural and forced convection [29] and film cooling in rocket combustors [30].
Dense architectures, which introduce shortcut connections between layers, aim to further improve information prop-
agation and reduce the number of parameters in CNNs. Examples include ResNet [31], Highway Networks [32],
and DenseNet [33]. These architectures enable more efficient training of deeper networks with fewer parameters and
have been proven effective in image classification and segmentation tasks. In the context of surrogate modeling, these
networks have been applied to various engineering systems, including nanofluid-filled finned absorber tubes [29, 34],
channelized subsurface flow systems [35, 36, 37, 38], and CO2 plume migration [39]. Building on these architec-
tures, Zhu and Zabaras [40] extended the fully convolutional DenseNet [41] to develop the DenseED architecture for
high-dimensional surrogate modeling. DenseED demonstrated strong performance in surrogate modeling and uncer-
tainty quantification for single-phase flow in heterogeneous media with a 4225-dimensional input and multi-phase flow
fields with a 2500-dimensional input [42]. Notably, DenseED showed excellent performance with limited training data
and fewer network parameters than non-dense architectures. Romero et al. [43] extended DenseED with the Deep-
WFLO architecture to predict turbine wake fields for wind farm layout optimization, demonstrating the architecture’s
effectiveness for velocity field predictions.

In this work, we develop a new modular deep encoder-decoder hierarchical (DeepEDH) convolutional neural network
architecture based on image-to-image regression, which builds on previous DenseED [40] and fully convolutional
DenseNet [41] architectures. Our DeepEDH architecture is tailored for surrogate modeling of CHT problems. While
several studies have developed surrogate models for CHT analysis, most are limited to predicting specific values of
interest, with few models reconstructing full pressure, velocity, and temperature fields. Notably, none of these studies
leverage the coupled nature of flow and heat transfer in CHT problems, instead predicting each field separately. This
work’s end-to-end surrogate modeling approach effectively addresses these research gaps. Our new DeepEDH con-
volutional neural network architecture leverages specific physics considerations. It introduces several novel aspects,
including output geometry masks, separate models for each field, and a two-stage temperature prediction methodol-
ogy. Separate models predict individual physical fields, serving as surrogate models for different governing PDEs. We
apply an output geometry mask after the decoder to ensure the validity of reconstructed flow fields only within the
fluid domain. Additionally, for temperature fields, we use two-stage models where velocity and temperature fields are
linked, leveraging the coupled behavior of CHT problems. Combining the DeepEDH architecture, output geometry
masks, field-specific models, and the connected two-stage temperature methodology, we address critical research gaps
in previous works and demonstrate the ability to reconstruct complete fields for CHT analysis with improved accuracy
and efficiency, requiring fewer network parameters than previous models.

Our work introduces several other aspects not explored in previous investigations:

1. A method for translating unstructured CHT simulation results into structured meshes, allowing the creation of
convolutional surrogate model training databases from such results.

2. A comprehensive assessment of numerous factors influencing model performance, including architecture modi-
fications, separate DeepEDH models for each field, output geometry masks, multi-stage temperature architecture,
and hyperparameter and architecture optimization.

3. A thorough quantification of the effects of the neural network depth, data resolution, dataset size, and the mag-
nitude of heat flux boundary conditions on surrogate model performance, allowing physical insights into the
behavior of the CHT system.

Our findings and evaluations of the proposed DeepEDH architecture and end-to-end surrogate modeling methodol-
ogy provide rich scientific insights to advance future research on surrogate modeling for CHT analyses of complex
engineering systems.

The remainder of the paper is structured as follows. In Section 2, we present the governing equations for CHT anal-
ysis and outline the procedures for processing unstructured mesh data. Section 3 defines surrogate modeling in the
context of image-to-image regression neural networks and introduces the model architecture, training process, regular-
ization techniques, and loss function. In Section 4, we provide details of an implementation of the surrogate modeling
methodology, focusing on an application to a liquid-cooled cold-plate-based battery thermal management system. This
includes information on the generated datasets, model specifications, and the training process. Section 5 includes a
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comprehensive analysis and characterization of the model’s performance. Finally, in Section 6, we offer a summary of
our findings and present our conclusions.

2. Governing equations and data processing procedures

This section describes the governing equations for CHT analyses and the data processing procedures used to generate
the training and validation datasets from unstructured numerical simulation results.

2.1. Governing equations and boundary conditions

Conjugate heat transfer analyses are crucial for designing and optimizing thermal management systems, for example,
those providing indirect liquid cooling through metal cold plates, as the one depicted in the case study used in this work
(Section 4.1), featuring a cold plate with fluid channels and solid pin-fins and walls. Additional application illustrations
are available in our previous work on the design optimization of pin-fin cold plates for electric vehicle battery packs
[44]. In these cold-plate-based systems, the fluid enters the channel with velocity u and heat is transferred to the
fluid from the cold plate surface heated by heat flux q. Conjugate heat transfer is used to analyze such a system and
determine the velocity and temperature fields in the fluid and the temperature field in the solid. This CHT analysis
is governed by three equations: conservation of mass, momentum, and energy. Specifically, for three-dimensional,
steady, and laminar flow with constant fluid properties within the fluid domain, the governing equations are momentum
conservation Equation (1) and mass continuity Equation (2). Energy conservation is applied in both the fluid and
solid domains. These domains are coupled at the solid-fluid interface, ensuring energy conservation and continuity of
temperature and heat flux across this interface.

ρ (u · ∇) u = ∇ ·
[
−pI + K

]
+ F,

K = µ
(
∇u + (∇u)T

)
,

(1)

ρ∇ · u = 0, (2)

where u is the velocity vector, p is the pressure, ρ is the density, µ is the dynamic viscosity, K is the stress tensor,
F is the body force, and I is the identity tensor. We define boundary conditions for the fluid domain as no-slip walls
Equation (3), mass flow inlet Equation (4), pressure outlet Equation (5), and symmetry Equation (6).

u = 0, (3)

−

∫
∂Ω

ρ(u · n)dbcdS = ṁ, (4)[
−ρI + K

]
n = −p0n, (5)

u · n = 0,
Kn − [Kn · n] = 0, Kn = Kn,

(6)

here n is the unit normal vector, dbc is the boundary condition thickness, ṁ is the mass flow rate, and p0 is the outlet
pressure. Three-dimensional and transient heat transfer is governed by Equation (7):

ρCp
∂T
∂t
+ ρCpu · ∇T + ∇ · q = Q,

q = −k∇T,
(7)

where T is the temperature, Cp is the specific heat capacity, t is time, q is the heat flux, Q is the volumetric heat gener-
ation rate, and k is the thermal conductivity, with boundary conditions consisting of insulated Equation (8) consisting
of zero heat flux, convective heat flux Equation (8) with q0 = h(Text − T ), inflow Equation (9), outflow Equation (10),
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and symmetry Equation (10):

− n · q = q0, (8)

n · q = ρ∆Hu · n,

∆H =
∫ T

Tustr

CpdT,
(9)

− n · q = 0. (10)

For Equations (8) to (10), q0 is the heat flux, h is the convective heat transfer coefficient, Text is the external temperature,
P0 is the power source, –V is the volume, and ∆H is the enthalpy difference. In this work’s case study (Section 4), the
heat source is modeled based on battery heat generation, considering the battery temperature and state-of-charge (SOC)
independent Ohmic heating Equation (11) [45].

Q̇gen = |V − VOC(S OC)| × I, (11)

where V is the battery voltage, VOC is the open circuit voltage, and I is the current.

The heat flux, generated by a battery module in this work’s case study (Section 4), is utilized as the cold plate’s
boundary condition for the energy Equation (7). The governing Equations (1), (2) and (7) with appropriate boundary
conditions are then solved with the finite element method (FEM). To obtain accurate results across the fluid and solid
domains, the mesh is refined at the fluid-solid interface to capture the high temperature and velocity gradients. Further,
a conformal mesh at this interface ensures continuity of the temperature and heat flux from the solid to fluid domain,
allowing the conjugate heat transfer to be accurately captured.

2.2. Data structuring and scaling procedures

Convolutional neural networks were generally designed for image-related tasks, such as recognition or segmentation,
where image-like data is used for input and training. For CHT surrogate modeling, previous literature primarily used
structured meshes composed of square cells, which resemble image pixels and are suitable for CNNs. However,
for solving CHT problems with complex geometries, it is often advantageous to use unstructured meshes composed
of irregular polygons without a specific structure. To adapt these numerical solutions for surrogate modeling, we
transform the unstructured result data to structured data post-solver. By mapping to a structured grid after solving, we
can represent the results as images with lower resolution than the unstructured solver mesh, leading to smaller models
with faster and more efficient training.

To transform two-dimensional unstructured mesh data (Figure 1a) into structured mesh data (Figure 1b), we define a
structured mesh as a grid of square cells with ny rows and nx columns. For each cstruct structured cell, we calculate an
area-weighted average of the values from overlapping c junstruct unstructured cells, repeating this process for all cells in
the new mesh. The area-weighted average is calculated according to Equation (12).

Ψ(cistruct ) =

∑n
j=0 A(c junstruct ) · Ψ(c junstruct )∑n

j=0 A(c junstruct )
∀c junstruct ∈ dom(cistruct ) (12)

where Ψ is the field value of interest, such as pressure, velocity, or temperature, A is the area of the cell, and dom is the
domain of a cell.
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(a) (b)

Figure 1: Illustration of the application of Equation (12) to temperature, velocity, or pressure field results, transforming (a) an unstructured mesh
onto (b) an image-like structured mesh where each cell is representative of an image pixel.

3. Surrogate modeling methodology

3.1. Data-driven surrogate modeling as image-to-image regression

The thermal management systems under consideration in this work are governed by the CHT equations and boundary
conditions detailed in Section 2.1. The solution process computes steady-state results, including pressure and velocity
fields, as well as transient temperature results, using simulations based on the input geometry and predefined boundary
conditions. Assuming fixed boundary conditions and variable geometry, we can view this simulation process as a
black-box function, denoted as f , that maps the geometry model Xs to physical fields y, as expressed in Equation (13).

y = (P,u,T ) = f (x, Xs) (13)

here y are the pressure (P), velocity (u), and temperature (T ) at each spatial location x in the domain.

Data-based surrogate modeling aims to replace the computationally expensive simulation process f with a more effi-
cient model. This surrogate model is developed or trained using a limited dataset consisting of n simulation inputs and
outputs:

{
xi, yi
}n
i=1. By treating the simulation inputs and outputs as images, the surrogate model can be formulated as

an image-to-image regression model, similar to established CNN architectures. Both the input and output are consid-
ered as images with pixel dimensions of ny rows and nx columns, where each pixel is a value to be predicted by the
regression model. Given that the simulation results from process f are defined on unstructured meshes, the data pro-
cessing methods established in Section 2.2 are used to transform y results to structured image-like data. The regression
models use the high-dimensional input to predict each pixel in the output, modeling a highly non-linear relationship to
approximate the solution of the underlying governing PDE. We can define the surrogate model as a function, denoted
as f̂ , which approximates f as outlined in Equation (14).

ŷ = (P̂, û, T̂ ) = f̂ (x, Xs, θ) (14)

the ŷ predictions consist of pressure (P̂), velocity (û), and temperature (T̂ ) results, approximating the true y values.
The predictions are determined using the surrogate models with parameters θ, learned from the n training simulations:{
xi, yi
}n
i=1.

3.2. Modular deep encoder-decoder hierarchical (DeepEDH) convolutional neural network architecture

In this section, we briefly introduce the techniques used in developing the DeepEDH architecture presented in this
work.

3.2.1. Dense and fully convolutional encoder-decoder neural networks
Training deep convolutional neural networks can be challenging due to issues like vanishing gradients [46] and ac-
curacy degradation [31]. To address these problems, various techniques have been introduced, including normalized
initialization and intermediate initialization layers [31, 47, 48], and shortcut connections, as seen in architectures like
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ResNet [31] and Highway Networks [32]. Shortcut connections are a fundamental feature of dense convolutional neu-
ral networks and enable more efficient training of deeper networks, allowing the output of a layer to be combined with
the input to a layer further down the network. DenseNet [33] extended this concept, introducing shortcut connections
to all subsequent layers. For network layer L, there will be K · L feature maps added based on the growth factor K.
Figure 2 shows an example of a dense block based on DenseNet with L = 3 and K = 8.

x0

x0

x1

x0

x1

x2

x0

x1

x2

x3

Inputs Batch Normalization,
ReLU Activation,

Convolution (K3S1P1)

Batch Normalization,
ReLU Activation,

Convolution (K3S1P1)

Batch Normalization,
ReLU Activation,

Convolution (K3S1P1)

Outputs

Figure 2: Dense block based on the DenseNet [33] architecture with 3 layers (L = 3) and a growth rate of 8 (K = 8). The previous feature maps,
represented as blue-hued planes in the figure, are appended to the output from each block of batch normalization, ReLU activations, and convolution
using a kernel with kernel size (K) of 3, stride (S) of 1, and padding (P) of 1. The feature map sizes remain constant through the dense block, while
the number of feature maps grows by K through each layer.

Fully convolutional networks (FCNs) [49] are a class of neural networks that have been used for image-to-image
regression tasks. These networks allow for pixel-wise predictions by replacing the fully connected layers with con-
volutional layers and including up-sampling (decoder) layers to recover the input size. The use of skip connections
between down-sampling (encoder) sections and decoder sections enables the preservation of information from the en-
coding process. Recent works like U-Net [28], Segnet [50], and FPNs [51] have demonstrated the effectiveness of
FCNs. By using both encoder and decoder sections, FCNs can learn both low-level and high-level features, while skip
connections facilitate the flow of information across multiple scales.

To leverage the advantages of both dense convolutional networks and FCNs, researchers have extended DenseNet to
create a fully convolutional architecture [41]. To address varying feature map sizes in encoder-decoder architectures,
transition layers, illustrated in Figures 3a and 3b, and dense blocks (Figure 2) were defined [40, 41]. Transition layers,
whether down-sampling (encoder) or up-sampling (decoder), serve to connect dense blocks and make the network
modular. The DenseED architecture, developed by Zhu and Zabaras [40], was adapted from the fully convolutional
DenseNet architecture [41] and tailored for surrogate modeling of PDE-based systems by introducing several key
changes: (i) the number of feature maps was reduced using the first layer in each transition layer, (ii) all feature maps
from previous layers were kept in each dense block, (iii) no skip connections between the encoder and decoder sections
were used, and (iv) convolution with stride 2 was used for down-sampling. The DeepEDH architecture proposed in
this work leverages the majority of these changes; however, we introduce several additional enhancements: (i) skip
connections between encoder and decoder sections due to the stronger correspondence between the input and output
for CHT analyses, (ii) dropout for regularization, (iii) output geometry masks to account for the direct correspondence
between the inputs and outputs for flow predictions, and (iv) a two-stage model for temperature prediction to take
advantage of the coupling between velocity and temperature fields in CHT analysis.
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Inputs Batch Normalization,
ReLU Activation,

Convolution (K1S1P0)

Batch Normalization,
ReLU Activation,

Convolution (K3S2P1)

Outputs

(a)

Inputs Batch Normalization,
ReLU Activation,

Convolution (K1S1P0)

Batch Normalization,
ReLU Activation,

Transpose Convolution (K3S2P1)

Outputs

(b)

Figure 3: (a) Encoding layer with convolution and (b) decoding layer with convolution and transpose convolution. The first combination of batch
normalization, ReLU activations, and convolution for both encoding and decoding layers reduce the number of feature maps, represented as blue-
hued planes in the figure, by half using a kernel with kernel size (K) of 1, stride (S) of 1, and padding (P) of 0. The second combination uses a
kernel with K=3, S=2, and P=1 to reduce the feature map sizes by half for encoding with convolution layers and doubles the feature map sizes for
decoding with transpose convolution layers.

3.2.2. Output geometry mask
An output geometry mask is introduced to our architecture to ensure that solid domain regions are correctly represented
in the model output for pressure and velocity predictions. We create the output geometry mask, denoted as δ, by
inverting the input image. In the input image, solid regions have a value of 1, while the fluid regions are set to 0.
Hence, we define the mask such that δ = 1 − x, where x is the input image. Using the output geometry mask, the final
pressure (P̂) and velocity (û) outputs of the surrogate model ŷfluid are defined using element-wise multiplication with
the mask: ŷfluid = δ ⊙ ŷ = δ ⊙ f̂ (x, Xs, θ). Here ⊙ is the element-wise multiplication operator. This ensures that the
predicted pressure and velocity fields are only valid in the fluid domain, improving model accuracy for CHT and flow
analyses.

3.2.3. Two-stage temperature model
Due to the significant influence of convection in CHT analyses, temperature exhibits a strong dependence on the ve-
locity field. In order to leverage this interdependence and improve the temperature predictions, we have developed a
two-stage model. In this approach, the first stage utilizes the output of the velocity model, which is then incorporated
into the input of the second-stage model for temperature prediction. This enables the network to learn the relationship
between the temperature and velocity fields, resulting in improved temperature predictions. The velocity model pro-
duces an output denoted as ŷvel = f̂vel(x, Xs, θvel). This output is used as input for the temperature model, represented
as ŷtemp = f̂temp(x, Xs, ŷvel, θtemp) = f̂temp(x, f̂vel(x, Xs, θvel), θtemp).

3.2.4. Final architecture: DeepEDH
This work introduces the new neural network architecture called DeepEDH (modular deep encoder-decoder hierarchi-
cal convolutional neural network). DeepEDH uses principles from fully convolutional networks similar to U-Net [28],
Segnet [50], and FPNs [51], with dense blocks and skip connections between encoder and decoder sections, similar
to fully convolutional DenseNet [41]. We use the changes stated above to fully convolutional DenseNet proposed in
DenseED [40]. However, we include skip connections and dropout. DeepEDH is defined by the depth of the network
(number of dense blocks), the number of layers within each dense block, the growth rate K through each dense block,
and the number of feature maps after the initial convolutional layer. The depth and the number of layers in each dense
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block can be defined using a list, Ldense. The length of this list defines the network depth, while the value at each index
determines the number of layers in each dense block. It is important to note that the length of Ldense must be an odd
integer, where the middle value defines the number of layers in the bottleneck dense block. An example of DeepEDH
with Ldense = [3, 4, 3] and K = 2 is shown in Figure 4.

Initial
Convolution

Dense
Block

Dense
Block

Decoder

Encoder Dense Block Decoder

||

Figure 4: Network architecture: DeepEDH with Ldense = [3, 4, 3] and K = 2. This example includes 1 encoding dense block with 3 layers, a
bottleneck dense block with 4 layers, and 1 decoding dense block with 3 layers. The number of feature maps, represented as blue-hued planes in the
figure, grows by two through each dense block layer as defined by the growth rate.

The encoding section of the network takes the input: Xs for velocity and pressure models and (Xs, ŷvel) for temperature
models. An initial convolutional layer is applied to reduce the size of the input by half and extract initial feature maps.
The initial feature maps pass through pairs of dense blocks (Figure 2), and encoding transition layers (Figure 3a)
until reaching the bottleneck block (bottom of Figure 4), from which code dimension feature maps are extracted.
Subsequently, the code dimension feature maps progress through pairs of decoding transition layers (Figure 3b) and
dense blocks (Figure 2), leading to the final decoding layer that directly predicts the output. For the pressure and
velocity models, the output geometry mask is applied to the network output. In contrast, for temperature predictions,
the velocity model output is passed as input in the two-stage architecture.

3.3. Network hyperparameters, training loss, and regularization
To determine the hyperparameters for the DeepEDH architecture, we based our initial values on previous studies such
as [40, 41]. We then performed hyperparameter and architecture optimization with a combination of Bayesian opti-
mization (BO) and Hyperband (HB) with the BOHB algorithm [52]. The hyperparameters considered for optimization
include the dropout rate, the number of layers in the encoding, bottleneck, and decoding dense blocks, the growth rate,
the number of feature maps after the initial convolution layer, the initial learning rate, the learning rate weight decay,
and the batch size. It is important to note that hyperparameters were optimized separately for each field. Full details of
the architecture and training hyperparameter optimizations are included with the supplementary materials.

During the training process, we minimized the difference between the structured target field y, generated by simulation,
and the model predicted field ŷ for all Ncells = nx · ny pixels. We used a regularized mean squared error (MSE) training
loss function, as defined in Equation (15).

L( f̂ (x, Xs, θ), y) =
1

Ncells

Ncells∑
i=1

(
f̂ (x, Xs, θ)i − yi

)2
+ αΩ(θ) (15)

This loss function incorporates L2 regularization with Ω(θ) = 1
2θ

Tθ, defined using weight decay (α) in PyTorch. We
used both batch normalization [47] and dropout [53] for additional regularization. The network parameters θ include
the weights of the convolutional and transpose convolutional layer kernels, as well as the scale and shift parameters in
the batch normalization layers.

4. Surrogate implementation and training

This section details the implementation of the surrogate modeling methodology and DeepEDH architecture presented
in Section 3, considering a liquid-cooled cold-plate-based battery thermal management system. DeepEDH neural
network surrogate models were developed as replacements for computational FEM simulations to predict the pressure,
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velocity, and temperature fields of the CHT analysis based on the cold plate channel geometry. The dataset generation,
data transformations, network architecture, and training details are presented for the test case.

4.1. Problem definition

The surrogate model implementation considered a pin-fin cold plate thermal management system, shown in Figure 5a.
The cold plate was designed to cool a battery module made up of 30 pouch cells, where coolant flows into the cold plate
through the inlet tube, around the central wall and pin-fin arrangement, and exits through the outlet tube. To simulate a
transient battery discharge process with non-uniform heat generation from the battery module, a spatially varying heat
flux boundary condition was applied to the top surface of the cold plate. Here, we considered heat flux based on a 3C
charge process, where each battery cell in the battery module was charged at a constant current of 3 times its rated
capacity. This is representative of a battery fast charge process [45, 54], with heating rates ranging from 600 W to
900 W, amounting to a total heat generation of 2,693,403 kJ considering the 30 pouch cell battery module. An inlet
flow rate of 3 LPM with a temperature of 20 ◦C was used for the cold plate, leading to laminar flow with a channel
Reynolds number of approximately 1000.

The cold plate channel geometry, made up of the pin-fin arrangement, is defined by the position of the pin-fin centers
(xi, yi) and the pin-fin radii ri for i = 1, 2, . . . , npins pin-fins. Using the channel geometry as input to the DeepEDH sur-
rogate models, we predicted pressure and velocity fields at the mid-plane of the cold plate channel and the temperature
field at the surface of the cold plate for the final time step of the transient simulation.

Symmetry plane

Outlet

Inlet

Pin-fins

Ly

Lx

H
(a) (b)

Figure 5: Pin-fin cold plate (a) three-dimensional geometry and (b) channel cross-sectional view with the solid metal region shown in black and the
flow region shown in white. Symmetry was applied across the width of the cold plate with (b) showing half of the plate.

The cold plate channel cross-sectional geometry, as shown in Figure 5b, depicts the pin-fin solid regions in black and
the fluid region in white. The domain size was fixed at approximately Lx ≈ 0.25 m and Ly ≈ 0.5 m, with a constant
channel height of H = 0.005 m. The design variables included the positions and radii of the pin-fins. These design
variables were constrained to ensure that there was no overlap between solid regions. The pin-fin radii were further
constrained between rmin = 0.005 m and rmax = 0.015 m, and the system consisted of npins = 34 pin-fins. A symmetry
boundary condition (Equation (6)) was applied across the width of the cold plate through the inlet and outlet tubes to
reduce the domain size. Mass flow (Equation (4)) and pressure (Equation (5)) boundary conditions were applied to the
inlet and outlet respectively. No-slip wall (Equation (3)) boundary conditions were used for the internal channel walls.
The cold plate was thermally insulated on the bottom (Equation (8) with q0 = 0), while natural convection boundary
conditions were applied to the other external cold plate walls using vertical and horizontal wall correlations. The top
surface used the spatially and time-varying heat flux boundary condition (Equation (8)) determined from a battery
discharge process. Heat inflow and outflow conditions Equations (9) and (10) were specified at the inlet and outlet.

For the numerical solution of the CHT problem, three-dimensional unstructured meshes were generated and solved
using the FEM for each geometry in COMSOL Multiphysics 6.0 with the conjugate heat transfer physics. From the
three-dimensional FEM simulation results the velocity and pressure fields were extracted at the mid-plane of the cold
plate channel depth, while the temperature field was extracted at the surface of the cold plate. The DeepEDH models
were developed based on these simulation results to act as surrogates for the FEM models.
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4.1.1. Datasets
A set of 1,500 pin-fin arrangements was defined using Latin hypercube sampling, where each arrangement is char-
acterized by the positions and radii of the pin-fins. Several examples of these pin-fin arrangements are displayed in
Figures 6a to 6d.

(a) (b) (c) (d)

Figure 6: Channel cross-sectional views of selected pin-fin cold plate geometry sample points from the Latin Hypercube sample plan. Solid metal
regions are shown in black and the flow region is shown in white.

For each pin-fin arrangement, the FEM CHT simulations determined the output fields at each time step. These output
fields include the pressure (p) and velocity components (u, v, and w) at the mid-plane of the cold plate channel, as well
as temperature (T ) at the heated surface of the cold plate. Parallel computing enabled 50 FEM models to be executed
simultaneously, with each simulation taking approximately 0.3 - 0.5 hours, allowing each dataset to be generated in
approximately 10 hours. Each simulation, run in parallel, used 48 GB of memory, 2 GB of storage, and 12 cores on a
high-performance computing cluster.

It is important to note that not all of the samples defined by the sampling plan resulted in converged numerical solutions.
Those non-converged solutions were excluded from the final dataset. The complete dataset consists of approximately
1,500 simulations, considering only those with converged solutions. These simulations included various input pin-fin
arrangements, heat flux profiles, and output fields for each time step. An example of a single simulation sample point
is presented in Figures 7a to 7g.

(a) (b) (c) (d) (e) (f) (g)

Figure 7: Dataset example: (a) geometry input, (b) heat flux input, (c) pressure output, (d) u velocity output, (e) v velocity output, (f) w velocity
output, and (g) temperature output. Pressure and velocity field outputs were extracted at the mid-plane of the cold plate channel depth, while the
temperature field was extracted at the surface of the cold plate

The simulation results were based on an unstructured mesh of approximately 3,000,000 cells. This mesh was com-
posed of approximately 250,000 cells for fluid cross-sections and approximately 200,000 cells for solid cross-sections.
The results were processed using the data transformations described in Section 2.2 to structure the results and generate
datasets for training and testing the surrogate models. Four data resolutions were considered, as shown in Figures 8a
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to 8d. These resolutions were determined by selecting nx and calculating the appropriate ny to ensure that the structured
cells are physically square. The resulting data resolutions were 50×95 with 4,750 cells, 100×190 with 19,000 cells,
200×380 with 76,000 cells, and 400×761 with 304,400 cells, representing cell sizes of approximately 5.2 mm/px,
2.6mm/px, 1.3 mm/px, and 0.65 mm/px respectively. In relation to the original unstructured mesh, these data resolu-
tions represent approximately 2%, 8%, 33%, and 133% of the original mesh size, providing a range of data scaling.

(a) (b) (c) (d)

Figure 8: Data resolutions, shown here for a sample temperature field: (a) 50×95, (b) 100×190, (c) 200×380, and (d) 400×761.

4.2. Surrogate model training

DeepEDH models were developed and trained to predict the pressure, velocity, and temperature fields, resulting in three
separate DeepEDH field models: DeepEDH-pressure, DeepEDH-velocity, and DeepEDH-temperature. DeepEDH-
temperature used a two-stage architecture, coupling the velocity and temperature fields. The network architecture
for each model was determined through the results of network characterization, hyperparameter optimization, and
architecture optimization. The final architectures for each field model are outlined in Table 1. The outputs of each
layer depend on various factors, including the depth of the network, the number of layers in each dense block, and the
growth rate K. Each dense block increases the number of feature maps by K · L, while the transition layers reduce the
number of feature maps by half. The encoding transition layers halve the feature map size, while decoding transition
layers double the feature map size.

Table 1: Network architecture details for DeepEDH-pressure, DeepEDH-velocity, and DeepEDH-temperature models.

Network Section Layer Layer Parameters Output
DeepEDH-pressure DeepEDH-velocity DeepEDH-temperature

Initial Convolution Inputs 1 1 2 (nx, ny, Inputs)

Convolution (K7S2P3) Output (IC): 16 Output (IC): 48 Output (IC): 16 ( nx
2 , ny

2 , 1, IC)

Encoder
Dense Blocks (nenc) Kenc = 32, Lenc = 12 Kenc = 16, Lenc = 7 Kenc = 16, Lenc = 5

(
nx

2ienc ,
ny

2ienc ,
IC+(Kenc×Lenc)·ienc

2ienc−1

)
for ienc = 1 to nenc

Encodings (nenc) BN, ReLU, K1S1P0 & BN, ReLU, K3S2P1

(
nx

2ienc+1 ,
ny

2ienc+1 ,
IC+(Kenc×Lenc)·ienc

2ienc

)
for ienc = 1 to nenc

Bottleneck Dense Block Kbot = 32, Lbot = 5 Kbot = 16, Lbot = 3 Kbot = 16, Lbot = 3

(
nx

2nenc+1 ,
ny

2nenc+1 , FMbot

)
;

FMbot =
IC+(Kenc×Lenc)·nenc

2nenc + Kbot × Lbot

Decoder

Decodings (ndec) BN, ReLU, K1S1P0 & BN, ReLU, Transpose K3S2P1
(

nx

2nenc−idec+1 ,
ny

2nenc−idec+1 ,
FMbot+(Kdec×Ldec)·(idec−1)

2idec

)
for idec = 1 to ndec

Dense Blocks (ndec) Kdec = 32, Ldec = 9 Kdec = 16, Ldec = 10 Kdec = 16, Ldec = 10 ( nx

2nenc−idec+1 , ny

2nenc−idec+1 , FMbot+(Kdec×Ldec)·(idec−1)
2idec

+(Kdec × Ldec)) for idec = 1 to ndec

Outputs 1 (nx, ny, 1)

The data was split into three subsets: 80% for training {xi, yi}
ntrain
i=1 , 10% for testing {xi, yi}

ntest
i=1 , and 10% for validation

{xi, yi}
nvalidation
i=1 . To prepare data for training and testing, data transformations were applied to the datasets, including

14



minimum-maximum scaling and Z-score standardization, as defined in Equations (16) and (17).

yscaled =
y − ymin

ymax − ymin
(16)

ystandardized =
y − y
σy
=

y − y√∑n
i=1 yi−y

n

(17)

where ymin, ymax, y, and σy are the minimum, maximum, mean, and standard deviation values of the target field y based
on the training data. Minimum-maximum scaling bounds the data between 0 and 1, while Z-score standardization
results in a distribution with a mean of 0 and a standard deviation of 1. We found that applying standardization to
temperature and velocity outputs and scaling to temperature inputs with no transformations for pressure data gave the
best performance for each model. Before evaluating the performance of the models, inverse data transforms were
applied to the predictions to revert them to their original scale.

The training loss function (Equation (15)) was minimized by tuning the model parameters θ from Equation (14).
Gradients of the training loss function with respect to θ were computed through backpropagation in the DeepEDH
models. The adaptive moment estimation (ADAM) [55] optimization algorithm was used with an initial learning rate
of 10−3, weight decay of 10−4, and batch size of 8. A learning rate scheduler that reduced the learning rate on a loss
plateau was used with a relative tolerance of 1 × 10−4, decay factor of 10, and patience of 10 epochs. This means that
if the loss did not decrease relatively by 1 × 10−4 for 10 epochs, the learning rate was reduced by a factor of 10. The
training process was carried out over 500 epochs, with sample learning curves provided in Figures 9a to 9c for each
model and data resolution.
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Figure 9: Training curves for (a) DeepEDH-pressure [Pa2], (b) DeepEDH-velocity [m2 s−2], and (c) DeepEDH-temperature [K2] models. These
curves show loss computed from the validation dataset.

Figures 9a to 9c indicate good convergence of the training loss for each model and do not show signs of over-fitting.
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The full surrogate modeling methodology, from data generation and processing, to final field prediction is outlined in
Figure 10.

Data generation

Fluid flow models Heat transfer model

Final field predictions

Compute results
Compute the conjugate heat transfer results

for each sample point using FEM simulations.
P(x,y) uuu(x,y) T (x,y, t)

Generate samples
Generate geometry samples

using Latin-Hypercube Sampling.
Sample 1 Sample n

. . .

Process data
Structure the mesh results of each sample to

develop a training database for neural networks.

Ψ(cistruct ) =
∑n

j=0 A(c junstruct ) ·Ψ(c junstruct )

∑n
j=0 A(c junstruct )

∀c junstruct ∈ dom(cistruct )

Ψ(cunstruct) Ψ(cstruct)

Training database
Geometry (XXX sss) Heat flux P(x,y) u(x,y) v(x,y) w(x,y) T (x,y, t)

Model input
Geometry (XXX sss)

Training Output
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||

Prediction
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Operations

Mask

|||||| Concatenate

Figure 10: Overview of surrogate methodology from data generation and processing, to final field prediction with the output geometry mask and
two-stage temperature architecture.
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5. Surrogate model performance and characterization

We first characterized the effect of network depth and dataset size on the surrogate model performance before com-
pleting hyperparameter and architecture optimization to determine the final architectures of each DeepEDH model.
To demonstrate the advantage of the surrogate methodology proposed in this work, we compared the performance of
our DeepEDH models with U-Net [28] and DenseED [40] models, specifically examining the impact of each change.
We characterized the effect of the DeepEDH network architectures, output geometry masks, two-stage temperature
architecture, and hyperparameter and architecture optimization. Finally, we present the impact of the heat flux magni-
tude on the temperature model’s performance, demonstrating excellent performance for a range of thermal boundary
conditions.

5.1. Evaluation metrics
To evaluate and characterize the performance of the surrogate models, we considered three metrics based on the test
dataset {xi, yi}

ntest
i=1 . The coefficient of determination (R2), calculated using Equation (18), quantifies the proportion of

variance in the data that the model can explain.

R2 = 1 −

∑ntest
i=1

∥∥∥yi − ŷi

∥∥∥2
2∑ntest

i=1

∥∥∥yi − y
∥∥∥2

2

(18)

The mean of the target fields, y, is y, while ŷ are the surrogate model outputs. The R2 value ranges from 0 to 1, with
1 indicating the model can explain 100% of the variance in data while 0 shows no correlation between the model
prediction and the target field. The root mean square error (RMSE), defined by Equation (19), measures the average
error between the model predictions and target fields.

RMS E =

√√
1

ntest

ntest∑
i=1

∥∥∥ŷi − yi

∥∥∥2
2 (19)

The RMSE metric is expressed in the same units as the target field, and a lower RMSE indicates a model with a lower
average error. Spearman’s rank correlation coefficient (SCC), Equation (20), assesses the ordered correlation between
the model predictions and the target field.

S CC =

∑ntest
i=1

(
R(yi) − R(y)

)
·
(
R(ŷi) − R(ŷi)

)
√∑ntest

i=1

(
R(yi) − R(y)

)2
·

√∑ntest
i=1

(
R(ŷi) − R(ŷi)

)2 (20)

here yi and ŷi are converted to their corresponding rank variables R(yi) and R(ŷi), while the means of the rank variables
are R(y) and R(ŷ). The SCC value ranges from -1 to 1 and measures the monotonic relationship, with 1 indicating a
positive correlation and -1 indicating an inverse correlation. The SCC is particularly useful in applications where pre-
serving the relative rank between alternatives is crucial, such as design optimization. These three metrics collectively
offer a comprehensive evaluation of the surrogate model’s performance. The R2 and SCC values provide insights into
the overall regression performance and correlation, while RMSE quantifies the average prediction error.

5.2. Characterization results
To characterize the model performance, we examined the effect of the network depth, dataset size, data resolution,
and thermal boundary condition magnitude. All three metrics introduced in Section 5.1 show similar trends. Hence,
characterization results in this section are presented with the R2 metric, while the RMSE and SCC results are included
in the supplementary materials. Additionally, we include model field predictions for the extreme values of each char-
acterization parameter and tabulated data for all results presented in this section in the supplementary materials.

5.2.1. Code dimension
The term code dimension, in the context of the DeepEDH network, refers to the spatial dimension or number of pixels
in the feature maps at the network’s bottleneck layer. The number of dense blocks used in the DeepEDH network and
data resolution define the code dimension. Unlike fully connected networks, where the entire input affects each unit
in the network, units within a convolutional network are only dependent on a region of the input, while only a region
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of the output impacts each unit in the network during backpropagation. This region is referred to as the receptive field
or field of view [56] and is related to the code dimension, which represents a mapping of the input geometry to the
output field.

Smaller code dimensions correspond to deeper networks, mapping the input field to a lower dimension space, result-
ing in more information loss. However, by implementing skip connections, this information can be retained, allowing
smaller code dimensions to generate more features and capture fine-grained information from the input geometry. This
results in less smooth outputs. Conversely, these deeper networks require more parameters, which increases their com-
putational cost and makes them more difficult to train. In comparison, shallower networks with larger code dimensions
and fewer parameters can capture only more high-level or coarse information, resulting in smoother outputs. For the
dense prediction task considered here, the code dimension must be a suitable size such that the receptive field can
capture the required information from the input and output images, while limiting the network size for computational
efficiency and ease of training. The code dimension enables some physical interpretations, corresponding to the spatial
resolution of input features that impact the output field. With a code dimension that is too large, the model cannot cap-
ture the small features from the input geometry that impact the output fields. Hence, investigating model performance
across different code dimensions allows the minimum geometry size that impacts output fields to be determined.

When comparing results across different data resolutions, it is important to maintain a consistent code dimension.
Therefore, different network depths are required for each resolution. For example, for a 50×95 data resolution with
a DeepEDH architecture defined as Ldense = [3, 4, 3], shown in Figure 4, the resulting code dimension is 312 pixels
with dimensions 13×24. The input size of 50×95 is halved by the initial convolution layer, then halved again by the
encoding layer, resulting in the corresponding code dimension of 13×24. Figure 11 shows DeepEDH architectures
with varying depths of Ldense = [3, 3, 4, 3, 3] in Figure 11a and Ldense = [3, 3, 3, 4, 3, 3, 3] in Figure 11b.

||

||

(a)

||

||

||

(b)

Figure 11: DeepEDH architecture with varying depths: (a) 5 dense blocks with Ldense = [3, 3, 4, 3, 3] and K = 2, and (b) 7 dense blocks with
Ldense = [3, 3, 3, 4, 3, 3, 3] and K = 2.

The network architectures in Figures 11a and 11b result in code dimensions of 84 and 24 pixels, respectively, for the
50×95 data resolution. To achieve code dimensions of 312, 84, and 24, the dataset with 400×761 resolution would
require 9, 11, and 13 dense blocks. We considered code dimensions ranging from 1200 pixels, based on a single
dense block for the 50×95 dataset, to 2 pixels. A summary of the code dimensions for each data resolution with the
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corresponding number of dense blocks is shown in Table 2.

Table 2: Network depth, data resolution, and corresponding code dimension.

Dense Blocks Data Resolution (Cells [W×H])
4,750 [50×95] 19,000 [100×190] 76,000 [200×380] 304,400 [400×761]

1 1,200 [25×48] - - -
3 312 [13×24] 1,200 [25×48] - -
5 84 [7×12] 312 [13×24] 1,200 [25×48] -
7 24 [4×6] 84 [7×12] 312 [13×24] 1,200 [5×48]
9 6 [2×3] 24 [4×6] 84 [7×12] 312 [13×24]

11 2 [1×2] 6 [2×3] 24 [4×6] 84 [7×12]
13 - 2 [1×2] 6 [2×3] 24 [4×6]
15 - - 2 [1×2] 6 [2×3]
17 - - - 2 [1×2]

To investigate the impact of code dimension, we used the same network architecture for each DeepEDH model, with
the code dimension defined by the number of dense blocks. Here, architectures used encoding and decoding dense
blocks with 3 layers and a bottleneck block with 6 layers; all blocks had a growth rate of 16. The models considered 48
initial feature maps and a dropout of 0.05. The networks were trained for 500 epochs with a batch size of 16, learning
rate of 3×10−3, and learning rate decay of 5×10−4. For each data resolution, models were trained with the appropriate
number of dense blocks to achieve code dimensions ranging from 1200 to 2 pixels as defined in Table 2. Figures 12a
to 12c show the R2 results for each field and data resolution.
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Figure 12: Model code dimension characterization R2 results for: (a) DeepEDH-pressure, (b) DeepEDH-velocity, and (c) DeepEDH-temperature
models.

Figures 12a to 12c show that the code dimension has a significant impact on the model performance - specifically at
larger code dimensions, which result in poor performance for all fields and data resolutions. This is due to the inability
of the higher code dimension models to capture small input features and the resulting smooth nature of the output
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fields. However, as the code dimension is reduced, model performance improves across all fields and data resolutions
before plateauing at a code dimension of 24 pixels. Based on the physical interpretation of the code dimension, this
is expected: as the code dimension decreases the minimum geometry size that impacts the output fields is captured.
Further refinement past this point does not improve model performance, as the model already captures the necessary
information from the input and output fields. For optimal performance, a code dimension small enough to capture the
minimum information scale is required. However, this must be balanced against the higher computational training cost
and training difficulty associated with the increased number of network parameters from smaller code dimensions. Con-
sidering these results, future experiments use a code dimension of 24 pixels to limit the number of network parameters
while maintaining model performance.

5.2.2. Dataset size
Dataset size refers to the number of simulations in the dataset {xi, yi}

ntrain
i=1 used to train the surrogate models. For

surrogate modeling, generating the dataset is typically the most computationally expensive step. Increased dataset size
also results in longer training times. However, this is generally less significant than the simulation time required to
generate the dataset. By selecting an appropriate dataset size we can reduce the computational cost of generating the
dataset while maintaining good model performance. We considered dataset sizes ranging from 25 to 1000 simulations,
corresponding to approximately 1.5% and 66% of the total pre-generated dataset size. Figures 13a to 13c show the R2

results for each field, data resolution, and dataset size.
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Figure 13: Model training dataset size and dimension characterization R2 results for: (a) DeepEDH-pressure, (b) DeepEDH-velocity, and (c)
DeepEDH-temperature models.

Figures 13a to 13c show that increasing the dataset size results in improved DeepEDH model performance with dimin-
ishing returns. Increases from 25 to approximately 200 simulations significantly improve model performance, while
performance plateaus at approximately 500 simulations.

5.2.3. Data resolution
From the results presented in Sections 5.2.1 and 5.2.2, we determined that a code dimension of 24 pixels and dataset
size of 500 simulations resulted in good model performance while limiting the computational cost of training. We
have considered data resolutions ranging from 50×95 to 400×761, corresponding to 4,750 and 304,400 pixels with
dimensions of approximately 5.2 mm/px and 0.65 mm/px. Physically, the data resolution indicates the required spatial
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resolution of the dataset representation necessary to accurately capture the input geometry and output field features.
Lower resolutions can result in the loss of finer geometry and field features, whereas higher resolutions can overrefine
the input and output fields, adding redundant information. Figures 14a to 14c show the R2 results for each field and
data resolution. As the data resolution increases the computational cost of model training increases significantly and
does not improve model performance. From Figures 14a to 14c resolutions of 19,000 or 76,000 pixels, corresponding
to 2.6 mm/px and 1.3 mm/px, show the best performance across all fields. Lower resolutions result in poor model
performance compared to full-resolution data due to the reduction of fidelity in the input and output fields, leading
to unpredictable input-to-output behavior. Particularly for the circular geometry of the pin-fins and central wall, at
low structured resolutions, the geometry becomes significantly distorted. At the other extreme, higher resolutions
require many more pixel values to be predicted, increasing the difficulty of the regression task and reducing model
performance.
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Figure 14: Model data resolution characterization R2 results for: (a) DeepEDH-pressure, (b) DeepEDH-velocity, and (c) DeepEDH-temperature
models. The bottom axis shows results for the total number of pixels, while the top shows the corresponding pixel resolutions.

5.3. Overall DeepEDH model performance

Through the DeepEDH model characterization, we determined the optimal code dimension, dataset size, and data res-
olution for the surrogate models, which allowed for good model performance while limiting computational cost. After
selecting a code dimension of 24 pixels and a resolution of 19,000 pixels based on the characterization results pre-
sented in Section 5.2, a new hyperparameter and architecture optimization effort was conducted to determine the final
architectures. We employed Bayesian optimization (BO) and Hyperband (HB) techniques using the BOHB algorithm
[52] to determine the final network architectures, which are detailed in Table 1. An overview of the characterization
and optimization process is illustrated in Figure 15 .
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Figure 15: Overview of DeepEDH surrogate model characterization and optimization process.

We evaluated our proposed DeepEDH surrogate models in comparison to U-Net [28] and DenseED [40] models. For
this comparison, we maintained the same training dataset size of 80%, a code dimension of 24 pixels for both DenseED
and DeepEDH, and data resolution of 19,000. These comparison results are included in Table 3.

Table 3: DeepEDH model performance with various features compared to U-Net [28] and DenseED [40]. Each column considers an added feature,
where features in previous columns are also included. For example the DeepEDH Optimized column includes output geometry masking for flow
fields, multi-stage temperature architecture, and optimized hyperparameters.

Model Metric
Architecture

U-Net [28] DenseED [40] DeepEDH

Base Output geometry mask Multi-Stage Hyperparameter Optimized

Pressure
RMSE [Pa] 4.9571 5.6956 3.6105 3.5472 - 3.3031

R2 0.8578 0.8123 0.9464 0.9465 - 0.9550
SCC 0.9929 0.9855 0.9941 0.9951 - 0.9958

Velocity
RMSE [m s−1] 0.01932 0.01443 0.007154 0.007115 - 0.006054

R2 0.6302 0.7938 0.9524 0.9524 - 0.9657
SCC 0.8591 0.9250 0.9807 0.9808 - 0.9845

Temperature
RMSE [K] 1.8649 1.4476 0.8922 - 0.7127 0.6889

R2 0.5701 0.7409 0.9015 - 0.9372 0.9413
SCC 0.9185 0.9506 0.9823 - 0.9888 0.9891

The performance comparison presented in Table 3 demonstrates that DeepEDH outperforms U-Net and DenseED for
all models. Compared to DenseED, DeepEDH results in 18%, 22%, and 27% improvements for R2 of pressure, veloc-
ity, and temperature predictions respectively. Similarly, R2 improvements of 11%, 53%, and 65% for pressure, velocity,
and temperature predictions were achieved compared to U-Net. The largest improvements are for the temperature pre-
dictions due to the coupled model architecture. Model parameters and training time for each network are summarized
in Table 4. The training times are based on training completed using a Nvidia GeForce RTX 3080 GPU with 10 GB
of GPU memory and 64 GB of RAM. From Table 4, training time of DeepEDH is approximately 26% less than U-Net
and requires 91% fewer parameters. Compared to DenseED, DeepEDH uses individual networks for each model and
requires sequential training for the temperature model, resulting in roughly doubled training time and tripled parameter
count.

Table 4: Model parameters and training time for U-Net [28], DenseED [40], and DeepEDH.

Architecture Parameters Training Time [s]

U-Net [28] 31,037,187 4,872
DenseED [40] 593,489 1,886
DeepEDH 2,684,391 3,596

Figures 16a to 16c show the actual, predicted, and error fields for the best performing DeepEDH models, while Table 5
shows the tabulated performance metrics. Qualitatively the results shown in Figures 16a to 16c show that the model
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is able to capture the general trends of the field, while the metrics presented in Table 3 show that the model is able to
capture the field with high accuracy and low error.
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Figure 16: Optimized model predictions: (a) DeepEDH-pressure [Pa], (b) DeepEDH-velocity [m s−1], and (c) DeepEDH-temperature [K] fields.
Within each subfigure, the first row shows the target fields, while the second row shows the model predictions, and the third row shows the error.

Table 5: Best DeepEDH model performance metrics.

Model R2 RMSE SCC

DeepEDH-pressure 0.9550 3.3073 Pa 0.9958

DeepEDH-velocity 0.9657 0.006071 m s−1 0.9845

DeepEDH-temperature 0.9413 0.6889 K 0.9892

5.4. DeepEDH-temperature model performance at varying heat fluxes

This section quantifies the impact of the heat flux boundary condition on the performance of the DeepEDH-temperature
model. We varied the heat flux by scaling the input heat flux field by factors of 1/10, 1/5, 2/5, 2, 5, and 10. The accu-
mulated heat was calculated using Equation (21) for each heat flux scaling factor. DeepEDH-temperature performance
is summarized in Figure 17, with tabulated results included in the supplementary materials.

Qaccumulated =

∫ tfinal

0

[∫
∂Ω

q0(x, y, t)dS
]

dt −
∫ tfinal

0
ṁCp(Toutlet(t) − Tinlet(t))dt (21)
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Figure 17: DeepEDH-temperature model R2 performance for varying heat flux boundary conditions.

Figure 17 shows that the DeepEDH-temperature model performance improves and then plateaus as heat flux increases.
At lower heat fluxes, the accumulated heat is limited, resulting in a temperature profile with lower variation. For
example, consider Figures 18a to 18e that show the actual, predicted, and error fields for a sample point in the test
dataset. Figures 18a to 18e show the limited variation of the temperature field at low heat fluxes, while at higher values
the effect of geometry is more clear. It is important to note the difference in scale for the error results in Figures 18a
to 18e. Physically, this indicates that the cold plate geometry has a limited impact on the temperature field at lower
heat fluxes; in contrast, the temperature field is more sensitive to the cold plate geometry at higher heat fluxes. Inter-
preting these results allows for the identification of the level of heating required for changes in the cold plate geometry
to significantly impact the temperature field and, hence, the cold plate’s thermal performance. With heat fluxes below
this limit, changes in the cold plate geometry will have a more limited impact.
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Figure 18: Temperature [K] field predictions with heat flux factors of: (a) 1/10, (b) 1/5, (c) 1, (d) 5, and (e) 10. Within each subfigure, the first row
shows the target fields, while the second row shows the model predictions, and the third row shows the error. Note the difference in scale for the
error results.
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5.5. Application feasibility

The results presented in this work demonstrate the effectiveness of the DeepEDH surrogate modeling methodology for
CHT analyses. This section examines the feasibility of applying these models to common surrogate modeling tasks,
including design optimization, real-time control systems, and real-time digital twin applications. For design optimiza-
tion, thousands of objective evaluations are required to evaluate design candidates during the optimization process. By
using DeepEDH models to replace the FEM numerical models, the optimization computational time can be reduced by
approximately 97% as summarized in Table 6 . For real-time control or digital twin applications, the computational
resources and execution time required to run the FEM CHT simulations in real time are often infeasible. DeepEDH
requires limited computational resources and can be executed in less than 1 s, as shown in Table 6 . Compared to
the FEM models, the storage and memory requirements for the DeepEDH models are also significantly reduced by ap-
proximately 98% and 92%, respectively. Overall, these results demonstrate the feasibility of using DeepEDH surrogate
models for these typical surrogate applications.

Table 6: Application feasibility summary based on the models used in the work, comparing computational time and memory requirements. The
computational time estimates are based on executing 50 FEM simulations in parallel. Memory estimates are based on disk space, COMSOL memory,
and PyTorch memory usage.

Finite element model DeepEDH model

Single model evaluation [s] 1,250 0.5
Dataset generation (1500 samples) [s] - 37,500
DeepEDH training [s] - 3,600
Optimization (1000 evaluations) [s] 1,250,000 500
Complete optimization [s] 1,250,000 (≈14 days) 41,600 (≈0.5 days)
Model storage [GB] 2 0.05
Execution memory [GB] 48 4

The values presented in Table 6 are approximate based on the FEM simulations, DeepEDH training, and DeepEDH
execution times. Further, the times included in Table 6 are based on executing 50 numerical models in parallel, as com-
pleted in this work. The database generation for surrogate model training can be executed in parallel as the simulations
are independent of each other. In contrast, for optimization, future simulations depend on the previous simulations’
results and must be executed sequentially.

6. Summary and conclusions

In this work, we developed a data-driven surrogate modeling methodology for conjugate heat transfer (CHT) analyses,
featuring a novel image-to-image regression convolutional neural network architecture called DeepEDH. This archi-
tecture is a novel modular deep encoder-decoder hierarchical convolutional neural network that uses dense blocks at
each layer, along with skip connections between the encoding and decoding sections. We introduced output geome-
try masks, multi-stage temperature architectures, and separate models for each field to enhance the surrogate model
performance for CHT analyses.

We demonstrated the effectiveness of the proposed DeepEDH methodology modeling a liquid-cooled pin-fin cold plate
for a battery thermal management system application. The field-specific DeepEDH surrogate models, DeepEDH-
pressure, DeepEDH-velocity, and DeepEDH-temperature, were trained and tested using a dataset of 1,500 transient
CHT finite element method simulations with varying pin-fin geometries. These numerical results were processed from
unstructured meshes into image-like data with resolutions ranging from 50×95 to 400×761 pixels. The DeepEDH
model performances were characterized for varying code dimensions, dataset sizes, and data resolutions. The results
highlighted the significant impact of code dimension, with larger code dimensions resulting in poor performance due
to the smoothness of the output fields. As the code dimension was reduced, the models’ performances improved signif-
icantly before plateauing at a code dimension of 4×6 (24) pixels. Similarly, increasing the dataset size also improved
model performances, but with diminishing returns and performance plateauing at approximately 500 simulations. Data
resolution had a limited impact on the model performances compared to the code dimension and dataset size. Re-
gardless, a compressed resolution of 100×190 (19,000) or 200×380 (76,000) pixels, corresponding to physical sizes
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of 2.6mm/px and 1.3 mm/px, had the best performance across all models. Optimal network hyperparameters and
architectures were determined through Bayesian optimization (BO) and Hyperband (HB) using the BOHB algorithm.

Our proposed DeepEDH convolutional neural network was demonstrated to be an effective surrogate modeling method-
ology for CHT analyses, outperforming U-Net and DenseED for all pressure, velocity, and temperature field predic-
tions. The methodology and architecture components introduced in this work, including the output geometry mask,
multi-stage temperature architecture, and hyperparameter optimization, all contributed to the improved performance of
the DeepEDH models. Finally, we quantified the impact of the heat flux boundary condition on the temperature model
performance. Decreased temperature field prediction performance for low heat flux values suggests that the tempera-
ture field is less sensitive to cold plate geometry under such conditions. The coupling methodology introduced here for
the temperature model yielded excellent results, improving performance by up to 65% compared to other architectures,
offering the potential for application in other multiphysics surrogate modeling tasks.

cations in the aerospace, automotive, and electronics industries. The most significant challenges
eling for CHT problems are the computational cost of generating the dataset, the complexity of the
to capture the relevant physics, and obtaining accurate full-field predictions. The proposed
addresses these challenges by reducing the required dataset size and improving model performance
full-field predictions. Future works can use the DeepEDH methodology and the characterization and
optimization techniques presented here to develop optimal surrogate models for other CHT systems.
perparameters and architectures determined in this work can be used as a starting point for future
tasks, reducing the computational cost of developing new models. Finally, the modular blocks and
tecture of the DeepEDH architecture can inform other neural network architecture designs, with the
to other systems governed by coupled physics, including electro-thermal or electro-magnetic surrogate

Future directions for this work include expanding DeepEDH models to predict field results at all
ferent cross-sections of three-dimensional geometries. Examining different system conditions, such
or conjugate radiative heat transfer, could demonstrate the DeepEDH models’ effectiveness for
In addition, the introduction of more advanced neural network architecture features and techniques
based constraints, cross-domain generalization, or adaptive loss functions could further improve
and reduce the required dataset size.

The methodology presented here could enable advancements in the design of systems governed by CHT, with appli-
facing surrogate mod-

models required
DeepEDH methodology

and accuracy of the
hyperparameter
The optimal hy-

surrogate modeling
hierarchical archi-
potential to extend

modeling tasks.

time steps and dif-
as turbulent flow

different applications.
such as physics-

model performance
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