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Original data-driven topology design methods often experience a decline in training effectiveness
as input dimensionality increases, which limits their applicability to high-dimensional tasks. To
overcome the limitation, we introduce a DDTD framework enhanced by image fragmented learn-
ing (IFL). In the IFL-DDTD framework, large input images are segmented into smaller fragments,
each learned independently using a module from a pre-trained pix2pix model. pix2pix consists
of a downscale module and a regeneration module, which together allow for seamless transitions
between low and high dimensional representations during the design process. We demonstrate
the efficacy of IFL-DDTD by applying it to a turbulent heat transfer problem. Our results demon-
strate that the proposed framework effectively accommodates high-dimensional design variables
and significantly outperforms original DDTD methods.
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1. Introduction

Topology optimization (TO) is an efficient method for
solving design problems and offers a high degree of de-
sign freedom, which facilitates the development of opti-
mal structures [1]. However, gradient-based TO often falls
into local solutions, which limits its effectiveness in solv-
ing multi-objective optimization problems.

Data-driven topology design (DDTD) has emerged as a
sensitivity-free method capable of generating diverse ma-
terial distributions from a small set of latent variables,
which is suitable for strongly nonlinear multi-objective
problems [2,3,4]. Despite recent advances in DDTD, the
generative approach encounters computational limitations
when the number of design variables becomes excessively
large. Original DDTD methods typically compress the de-
sign space into low-dimensional latent representations to
improve computational efficiency. However, the compres-
sion constrains solution diversity and degrades the qual-
ity of the generated designs. This limitation makes it par-
ticularly challenging to apply DDTD to high-dimensional
problems [5].

In this paper, we propose an enhanced DDTD frame-
work called IFL-DDTD (DDTD with image fragmen-
tated learning). The framework integrates an image trans-
lation neural network [6] into the original DDTD pro-
cess. IFL process represents the design variables as pixel-
based distributions and processing them through neural
network-driven image transformation techniques, the pro-
posed framework enables efficient dimensional compres-
sion and reconstruction of high-dimensional design data.

The proposed framework is applied to a two-
dimensional turbulent heat transfer design problem charac-

terized by strong nonlinearities and high-dimensional de-
sign variables, which cannot be solved by original DDTD
methods. To address this problem , the design domain is
decomposed into smaller structural fragments, and neu-
ral network tiling is employed. This strategy enables the
IFL framework to effectively handle high-dimensional op-
timization tasks while preserving intricate structural fea-
tures. As a result, the proposed framework successfully
generates diverse, high-resolution structural designs.

The remainder of this paper is structured as follows.
Section 2 presents the proposed method and shows the
IFL-DDTD framework. Section 3 introduces the turbu-
lent heat transfer design problem and details the applica-
tion of the proposed framework. Section 4 provides nu-
merical results and compares the performance of the re-
sults from proposed framework with the results of original
framework. Finally, Section 5 concludes the paper with a
summary of the main findings and discusses potential di-
rections for further work.

2. Proposed framework
(1) Basic concept

Fig. 1 illustrates the flowchart of the proposed IFL-
DDTD framework, which extends the original multifidelity
DDTD design process. The initial steps include low-
fidelity optimization, high-fidelity evaluation, and elite so-
lution selection. These procedures are consistent with
those used in original DDTD. The core contribution of
our framework lies in the integration of the IFL process.
In this process, a downscale module is introduced before
the variational autoencoder (VAE) to compress the high-
dimensional data into a low-dimensional representation.
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Fig. 1 Flowchart illustrating the data process of IFL-DDTD
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Fig. 2 Modules obtained by splitting the proposed neu-
ral network for dimensionality transformation.
a: downscale module, b: regeneration module

After new samples are generated by the VAE, a regener-
ation module is applied to reconstruct the data back to its
original high-dimensional form. This architecture enables
efficient dimensional compression, generation of new low-
dimensional samples through VAE learning, and accurate
reconstruction of high-dimensional design data.

(2) Construction of IFL-DDTD

To construct the dimensional transformation modules,
we adopt the pix2pix neural network, a conditional gener-
ative adversarial network (cGAN) that incorporates reso-
lution downscaling and upscaling components in its archi-
tecture [6]. These architectural features are well aligned
with our objective of compressing high-dimensional de-
sign variables and subsequently reconstructing them.

For addressing the high-dimensional nature of this de-
sign problem, we employ a pix2pix network with an input
resolution of Ny, = 128. This network is divided into
two distinct modules: a downscale module responsible for
dimensionality reduction, and a regeneration module that
restores the original dimensionality. Based on our prelimi-
nary experiments, we selected Ny as the target resolution,
which achieves a favorable trade-off between compression
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Fig. 3 Design domain and boundary conditions of heat
transfer
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Fig. 4 99 initial data obtained through TO of laminar
heat transfer design

and fidelity. This configuration ensures that reconstructed
images closely match the originals without noticeable seg-
mentation artifacts. The architectures of the trained down-
scale and regeneration modules are illustrated in Fig. 2.
Through this design, the practical IFL-DDTD is success-
fully established.

3. Turbulent heat transfer design
(1) Problem setting

In this section, we apply the IFL-DDTD framework to
solve a strongly nonlinear design problem. We consider
a two-dimensional turbulent heat transfer problem with
the design domain and corresponding boundary conditions
shown in Fig. 3. The design variable field is defined as
v = 0 for solid regions and v = 1 for fluid regions.

The physical behavior of the system is governed by fluid
velocity v, pressure p, and temperature 7". To model turbu-
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Fig. 5 The symmetric heat transfer mesh is segmented
into square fragments, each with a size of
128128
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lent flow, we adopt the Reynolds Averaged Navier—Stokes
(RANS) equations with the standard k—e turbulence model
[7], where k denotes turbulent kinetic energy and e denotes
its dissipation rate. The governing equations are as fol-
lows:
V-v=0
(v-V)v==Vp+V(u+pm)(Vv+(Vv)")

— QyV

(v-V)k=vKﬂ+5—;>v4 Y P e
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where p represents the kinematic viscosity, which is in-
versely scaled by the Reynolds number Re under the char-
acteristic speed and length are one. The turbulent eddy
viscosity pi; is given by py = C,Lk'e—z, where £k and e rep-
resent the turbulent kinetic energy and its dissipation rate,
respectively.

The design-dependent parameter c., is defined as O in
fluid regions and as the inverse permeability « in solid re-
gions. The term P represents the production of turbu-
lent kinetic energy caused by velocity gradients and is ex-
pressed as:

P = [Vv: (Vv +(Vv)T)] )

In addition, Pr denotes the Prandtl number, and Pr;
is the turbulent Prandtl number, both critical for thermal
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Fig. 6 Obtained 100 samples of optimized turbulent
heat transfer by 400 iterations
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Fig. 7 Comparison of temperature distribution between initial (top row) and optimized (bottom row) flow channels

under similar pressure dissipation conditions

transport calculations. The empirical constants used in the
turbulence model are as follows: C), = 0.09, C¢y = 1.44,
Ce=192,0,=10,and o, = 1.3.

The boundary conditions applied at the inlet (Ij,), out-
let (I'out), walls (I'wan) and heated surface (/heated) are
described as follows:

v=-n, T=0 onlj
p=0, n-VI=0 onlyy 3)
v=0, n-VI'=0 on/lya
T'=1 onlheated

where n is the outward unit normal vector. The thermal
boundary condition 7' = 1 imposed on [},eateq defines the
region responsible for heat transfer into the fluid.

(2) High-fidelity evaluation

This optimization problem aims to achieve two goals.
The first is to maximize the average outlet temperature
Tout, which reflects the efficiency of heat transfer. The sec-
ond is to minimize the inlet pressure p;,, which contributes
to reducing pressure losses. These objectives are mathe-
matically expressed as follows.

TdIr
Minimize J; =Ty = _men—
FOU[|
“
Jr, pal
J2 = pin = |F—|

The two objective functions are applied during the high-
fidelity evaluation phase [8], which is conducted under
high Reynolds number conditions to simulate turbulent
flow. In this stage, the two objective functions, outlet tem-
perature and inlet pressure, are directly computed via finite
element simulation. These quantitative evaluations serve
as the basis for selecting superior design candidates.

This strategy enables effective handling of strongly non-
linear turbulent phenomena. By decoupling the surrogate

model from the final evaluation, the framework avoids re-
liance on gradient-based TO methods, which often fail to
converge in such complex, non-convex design spaces.

(3) Low-fidelity approximation and initial designs

Due to the complexity inherent in turbulent optimiza-
tion, initial material distributions are generated using a
simplified low-fidelity model based on laminar flow as-
sumptions. The design domain is discretized into 65,536
square elements, yielding high-dimensional initial solu-
tions at reduced cost. As illustrated in Fig. 4, 99 initial
designs are obtained via topology optimization under vary-
ing laminar Reynolds number conditions.

At this high-dimensional scale, generative models em-
ployed in original DDTD frameworks fail to effectively
handle the design space, as discussed in Section 1. This
limitation prevents the original DDTD from generating vi-
able solutions. Therefore, to address this challenge, we
applied IFL-DDTD framework capable of accommodating
such high-dimensional inputs.

(4) Implementation details

To enable proposed framework to effectively address the
high-dimensional design problem, we apply the proposed
modules to process the symmetric discretized design do-
main, as illustrated in Fig. 5. Specifically, the downscale
module is employed to reduce the dimensionality of the
original high-resolution grid of size 256 x 128. The domain
is first partitioned into two subdomains of 128 x 128, and
each subdomain is subsequently downsampled to a 32 x 32
representation. As a result, the overall input is transformed
into a compact low-dimensional dataset. This resolution is
well-suited for training the VAE, enabling it to effectively
capture the underlying design features.

Using the integrated transformation modules, the in-
put dimensionality is reduced from 65,536 to 4,096, and
can later be reconstructed to its original resolution via the
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Fig. 8 Comparison of objective spaces among TO,
DDTD, and the proposed IFL-DDTD

regeneration module. This two-stage transformation fa-
cilitates efficient exploration of high-dimensional design
spaces and overcomes the scalability limitations inherent
in original DDTD methods.

4. Results and discussion
(1) Flow configurations and simulation results

The proposed dimensional transformation framework
was successfully implemented. Convergence of the opti-
mization process was achieved after 400 iterations, with
the elite solutions illustrated in Fig. 6. In comparison to the
initial dataset, the resulting structures exhibit a marked re-
duction in geometric complexity, enhanced structural sta-
bility, and the emergence of consistent characteristic fea-
tures. To quantitatively assess the performance of the gen-
erated flow channels, high-fidelity simulations were con-
ducted to evaluate their thermal and fluid flow characteris-
tics, as presented in Fig. 7.

The optimized flow channels consistently demonstrate
enhanced thermal performance, achieving higher heat
transfer efficiency while maintaining low-pressure losses.
These results underscore the effectiveness of the proposed
framework in balancing thermal and fluid dynamic objec-
tives.

(2) Comparison of objective performance

To evaluate the effectiveness of the proposed method,
we compared it against the original DDTD framework
operating at a dimensionality of 8,192, which is consid-
ered a computationally efficient setting for original gen-
erative models. After 400 iterations, the resulting objec-
tive spaces from IFL-DDTD (our proposed framework),
original DDTD, and the initial topology optimization (TO)
dataset were compared, as shown in Fig. 8.

The results clearly indicate that the IFL-DDTD frame-
work achieves superior optimization performance com-
pared to the original DDTD framework. Not only does
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IFL-DDTD achieve better objective values in both heat
transfer and pressure loss metrics, but it also enables
stable and efficient computation in significantly higher-
dimensional design spaces. This highlights the scalabil-
ity and enhanced optimization capability of the proposed
framework, which effectively overcomes the dimensional
limitations faced by original DDTD methods.

5. Conclusion

In this study, we proposed an enhanced data-driven
topology design (DDTD) framework using image frag-
mented learning (IFL) to address high-dimensional, multi-
objective optimization in turbulent heat transfer problems.
By integrating a pix2pix-based image translation network
with a generative model, IFL enables effective dimensional
compression and reconstruction. Applied to turbulent heat
transfer, the proposed method produced optimized flow
configurations that outperform conventional DDTD in both
performance and scalability. Future work will explore its
application to more complex problems and investigate ad-
vanced neural architectures beyond pix2pix to further im-
prove design quality.
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