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Abstract
Topology optimization is widely employed in the engineering design phase to
maximize product performance through mathematical modeling and optimiza-
tion of material distribution within the design space. However, deep learning
approaches for solving topology optimization problems suffer from data insuf-
ficiency and weak adaptability of trained models to varying boundary condi-
tions. Therefore, a data sample generation method based on the Topy library
was adopted to generate 400,000 two-dimensional samples across four bound-
ary conditions: random structures, cantilever beams, continuous beams, and
simply supported beams, with each sample containing two classes of resolution
data, thereby establishing this dataset. An improved DoubleU-Net network is
proposed for real-time, high-accuracy prediction of topology optimization. In
the generated dataset, the average IoU accuracies for the four structural models
—random beams, cantilever beams, continuous beams, and simply supported
beams—are 93.26%, 96.71%, 96.35%, and 97.38%, respectively. Experimental
results demonstrate that DoubleU-Net exhibits superior adaptability to data
of different resolutions. Models trained using the random structure dataset
demonstrate strong generalization capability and hold tremendous potential for
real-time structural optimization in large-scale projects.
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Abstract
Topology optimization is widely employed in the engineering design phase to
maximize product performance by mathematically modeling and optimizing ma-
terial distribution within the design space. However, deep learning approaches
for solving topology optimization problems suffer from insufficient training data
and weak adaptability to varying boundary conditions. To address these chal-
lenges, we propose a Topy library-based data sample generation method to
produce 400,000 2D samples across four boundary conditions: random struc-
tures, cantilever beams, continuous beams, and simply supported beams. Each
category includes two resolution types. We introduce an improved DoubleU-Net
network for real-time, high-accuracy topology optimization prediction. On our
generated dataset, the improved DoubleU-Net achieves average IoU accuracies
of 93.26%, 96.71%, 96.35%, and 97.38% for random beams, cantilever beams,
continuous beams, and simply supported beams, respectively. Experimental
results demonstrate that DoubleU-Net can effectively adapt to different reso-
lution data. Notably, models trained on the random structure dataset exhibit
strong generalization capability, showing great potential for real-time structural
optimization in large-scale engineering projects.

1. Introduction
Topology optimization is a structural optimization method that aims to find the
optimal structural shape and material distribution within a given design space
by adjusting material layout and distribution [1, 2]. This process enables weight
reduction, strength improvement, and maximization of material utilization effi-
ciency while meeting performance requirements [3]. Topology optimization has
found widespread applications in engineering design [4], materials science [5],
aerospace engineering [6], and other fields.

With the advancement of artificial intelligence and finite element analysis meth-
ods, topology optimization has become a mainstream optimization approach.
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Existing primary topology optimization methods include SIMP (Solid Isotropic
Material with Penalization) [7, 8], homogenization (HDM) [9], level set (LST)
[10, 11], evolutionary algorithms [12], MMTO (Multi-Material Topology Opti-
mization) [13], MMC (Moving Morphable Components) [14], multi-component
methods [15], and the Jaya algorithm [16]. These methods can produce struc-
tures that meet practical engineering requirements based on constraints and op-
timization objectives. However, as engineering structures become increasingly
complex, the number of elements in these structures surges, causing the com-
putational cost of topology optimization algorithms to multiply and severely
hindering the development of refined, real-time topology optimization design
and applications. To address this, Liao et al. [17] proposed a triple acceler-
ation method for topology optimization. Li et al. [18] introduced a scalable
approach to significantly accelerate convergence in topology optimization simu-
lations. Jang et al. [19] proposed optimizing the design space based on fixed-grid
topology, which improves computational accuracy while effectively reducing
computational costs. Nevertheless, these methods share common limitations:
they typically perform iterative calculations based on an initial design to grad-
ually improve the structural shape, with each improvement relying on local
information from the current design state, making them prone to falling into lo-
cal optima. Moreover, each iteration requires finite element analysis to evaluate
design performance, and this iterative process demands substantial computa-
tional resources and time, particularly for complex structures and large-scale
problems where computational costs become prohibitively high.

Deep learning technologies have provided new approaches for topology opti-
mization research. Sosnovik et al. [20] first introduced deep learning models
into topology optimization, using CNNs to directly predict topology-optimized
structures, eliminating intermediate iterative calculation steps and reducing to-
tal time consumption. Zheng et al. [21] constructed a U-Net [22] network to train
datasets, enabling optimal configuration acquisition without optimization itera-
tions or finite element analysis. Wang et al. [23] proposed a deep convolutional
neural network with perceptible generalization ability to reduce the computa-
tional cost of the SIMP method. Zhang et al. [24] used hierarchical deep-learning
neural networks to compute finite element analysis in topology optimization, sig-
nificantly reducing computational costs through node coordinate optimization.
Hao et al. [25] proposed a parametric level set topology optimization algorithm
based on deep neural networks to achieve topological configuration diversity.
Ye et al. [26] introduced conditional generative adversarial neural networks to
solve cross-resolution topology optimization problems and used neural networks
to accelerate the iterative process. Yu et al. [27] employed CNNs to accelerate
the SIMP topology optimization method and used generative adversarial net-
works (GANs) to establish mappings between low-resolution and high-resolution
topology optimization results. Wang et al. [28] applied deep learning methods
to optimize the design of modern composite material structures for rapid pro-
duction of lightweight materials with efficient structural configurations. Yan
et al. [29] proposed predicting topology optimization from initial stress (LIS),
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reducing dataset requirements and substantially improving topology optimiza-
tion speed. Kapania et al. [30] used U-Net [22] and U-Net++ [31] models to
predict optimal topological structures, generating input and output data using
commercial finite element analysis software.

Concurrently, researchers have improved deep learning models to enhance op-
timization performance. Ates et al. [32] proposed a two-stage network model
to improve the prediction performance of deep neural networks for topology op-
timization. Nie [33] introduced a novel data-driven TopologyGAN model that
utilizes various physical fields computed on the original unoptimized material
domain as input, further improving overall accuracy. Wang et al. [34] pro-
posed an improved U-Net model (Cba-U-Net) for topology optimization config-
uration prediction to obtain topological configurations in real time. Jeong et
al. [35] presented a physics-informed neural network-based topology optimiza-
tion framework that employs energy-based PINNs to replace traditional finite
element analysis (FEA) in structural topology optimization.

While existing deep learning methods have achieved certain improvements in op-
timization efficiency, deep neural networks require large amounts of high-quality
training data to learn deep semantic information from massive datasets and sat-
isfy large-scale parameter learning while avoiding model overfitting. However,
the topology optimization field currently suffers from scarce data and single
boundary conditions, with no high-precision structural datasets available for
model training. Furthermore, deep learning approaches for topology optimiza-
tion exhibit weak boundary condition adaptability—once boundary conditions
change, model prediction performance degrades significantly. Retraining models
for new boundary conditions demands high data requirements and incurs sub-
stantial time costs, posing a critical challenge for research in this domain. To
address this, we generate datasets with four different boundary conditions and
two different resolutions based on the SIMP method for deep learning training,
solving the dataset insufficiency problem. We employ an improved DoubleU-Net
model for topology optimization, leveraging its strong generalization capability
to address weak boundary adaptability. Our main contributions are summa-
rized as follows:

1. We generated 400,000 2D samples using the Topy library based
on four boundary conditions (random structures, cantilever beams,
continuous beams, and simply supported beams) at different res-
olutions. Each structure comprises 100,000 samples, with 50,000
low-resolution (32$×64)𝑎𝑛𝑑50, 000ℎ𝑖𝑔ℎ − 𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛(64×$128) sam-
ples each, totaling 70GB of data. This constitutes the most struc-
turally diverse and largest-scale topology optimization research
dataset currently available, which we have open-sourced on GitHub:
https://github.com/BigDLishun/Topology-Optimization-Dataset.

2. This paper proposes an improved DoubleU-Net convolutional neural net-
work model that achieves accurate and real-time topology optimization
structure prediction, delivering the best performance across different struc-
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tural datasets without being affected by resolution changes.

3. We explore the impact of different structures and dataset accuracies on
experimental results and demonstrate the generalization capability of mod-
els trained on four different datasets across four boundary condition types.
Experiments prove that training with the random structure dataset yields
excellent generalization ability, showing tremendous potential for real-
time structural optimization in large-scale engineering applications.

2. Methodology
2.1 SIMP-Based Topology Optimization

The most commonly used method in topology optimization is the Solid Isotropic
Material with Penalization (SIMP) [7, 8], a continuous density topology opti-
mization approach. Research on continuous density topology optimization is
relatively mature, and SIMP has been applied in many commercial optimiza-
tion software packages.

The SIMP method defines a finite element mesh within the design domain to be
optimized, where each element has an associated density variable. SIMP opti-
mization is based on continuous density variable 𝑟, using a penalty function to
drive all intermediate density elements toward 0 or 1. To ensure numerical sta-
bility in finite element analysis, 𝑚𝑖𝑛𝑟 represents the minimum allowable relative
density value.

The most common objective function is to maximize overall structural stiffness
or minimize global compliance under specified mass reduction constraints. The
optimization algorithm adjusts elemental densities through an iterative process
to minimize global structural compliance.

2.2 SIMP-Based Dataset Generation

For dataset generation, we used CPU-based computation, while model train-
ing was performed on GPU using the PyTorch framework. The experimental
configuration includes: CPU: Intel(R) Xeon(R) Gold-6230R @ 2.10GHz, GPU:
NVIDIA A100 PCIE-40GB, Framework: torch-1.9.0+cu111, Python version:
3.8.8.

Currently, three common tools are used for dataset generation in topology op-
timization, as shown in : (1) Real simulation experiments using CAE software
(e.g., Abaqus), which incur high time and software operation costs; (2) Sim-
ulation experiments using MATLAB, which reduce time and operation costs
compared to real simulations but are inconvenient for batch dataset genera-
tion; (3) The Python Topy package, which integrates CAE simulation analysis
with the SIMP algorithm for topology optimization problems including mini-
mum compliance, heat conduction, and mechanism design, saving time on prior
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knowledge acquisition and offering simpler operation compared to the previous
two methods, making it suitable for large-scale dataset generation.

Previous literature has used limited data with single boundary conditions and
has not considered the impact of different resolution data on models, preventing
them from achieving optimal results. Currently available public datasets are also
limited. For example, Sosnovik et al. [20] used 10,000 random structure datasets
at 40$×40𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑡𝑜𝑡𝑟𝑎𝑖𝑛𝑎𝐶𝑁𝑁𝑚𝑜𝑑𝑒𝑙, 𝑎𝑐ℎ𝑖𝑒𝑣𝑖𝑛𝑔𝑙𝑖𝑚𝑖𝑡𝑒𝑑𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒.𝑁𝑖𝑒𝑒𝑡𝑎𝑙.[33]𝑢𝑠𝑒𝑑49, 078𝑐𝑎𝑛𝑡𝑖𝑙𝑒𝑣𝑒𝑟𝑏𝑒𝑎𝑚𝑠𝑎𝑚𝑝𝑙𝑒𝑠𝑎𝑡64×$128
resolution to train a TopologyGAN model, achieving good results on cantilever
beams but with relatively single boundary conditions. Some scholars have
employed data augmentation methods to expand datasets during training;
however, augmented data is not real data and its effects are not always positive.
Inappropriate data augmentation may produce negative impacts.

Therefore, we used ToPy [37], a SIMP-based topology optimization framework,
to generate our dataset. We generated 400,000 2D samples across four
boundary conditions: random structures, cantilever beams, continuous beams,
and simply supported beams, with 100,000 samples for each structure type.
Low-resolution and high-resolution data each account for half (50,000 samples
at 32$×64𝑎𝑛𝑑50, 000𝑎𝑡64×$128). Each dataset is obtained based on the SIMP
method under random constraint conditions. In summary, our generated
dataset includes not only four boundary conditions but also two different
resolution types for each condition, with 50,000 samples per data type, enabling
analysis of topology optimization effects under different boundary conditions
and resolutions while satisfying model data requirements.

The fixed-point boundary condition details for the three industrial beam struc-
ture datasets are shown in [Figure 1: see original paper]. Random structures
have randomly selected nodes fixed without specific boundary conditions.

Dataset parameter settings: - Resolution: 32$×64𝑎𝑛𝑑64×$128 - Boundary con-
ditions: See [Figure 1: see original paper] - Volume fraction: Normal distribution
(0.8, 0.1) - SIMP penalty: 1 - SIMP filter radius: 2 - Number of forces: Uniform
distribution (1, 10) - Load position: Any position within boundary conditions -
Load direction: X+, X−, Y+, Y− - Iterations: 40

Dataset details based on SIMP generation are shown in . Two resolutions are
available: (32$×64)𝑎𝑛𝑑(64×$128). Volume fraction is randomly selected from
a normal distribution (0.8, 0.1). The initial SIMP penalty coefficient is set to
1. The filter radius is 2. The number of forces is randomly selected from (1-
10) using a random function. Load positions are randomly chosen from any
node in the initial domain, with edge positions having 500 times the selection
probability of interior positions. Force directions include four types: X+, X−,
Y+, Y−. The final topology is obtained after 40 iterations of the SIMP method.

[Figure 2: see original paper] shows visualizations of the generated dataset, in-
cluding four structure types at different resolutions. High-resolution structures
exhibit more detailed boundaries and higher precision than low-resolution struc-
tures.
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3. Model Architecture and Training
3.1 Data Generation and Model Training Process

The data generation and model training process using DoubleU-Net for topology
optimization is illustrated in [Figure 3: see original paper].

(1) Data Generation Stage: Data is generated using Python and the Topy
library based on the SIMP method. First, the 2D dimensions representing
the design domain are defined, along with the domain’s boundary con-
ditions. ToPy then creates a meshed domain and determines boundary
condition and load positions on the mesh. The SIMP method performs
topology optimization on the structure based on defined loads and bound-
ary conditions through an iterative optimization process. The first itera-
tion result is used as input data, while the final iteration result serves as
label data.

(2) Model Training Stage: The first iteration result is used as input. Dur-
ing preprocessing, images are converted to tensor matrix form containing
image information. Input data is then normalized to facilitate subsequent
data processing and accelerate convergence during program execution. A
batch of tensor matrices is fed into the model, which learns data features
through multiple iterations and updates weights via backpropagation us-
ing the loss function.

3.2 Improved DoubleU-Net Network Architecture

Convolutional neural networks, particularly encoder-decoder-based architec-
tures, have achieved remarkable results in topology optimization. Among
various encoder-decoder networks, the U-Net [22] has gained widespread atten-
tion for its outstanding performance, providing an efficient and accurate new
method for solving topology optimization problems, though its performance on
high-precision structures is average.

Building upon the original DoubleU-Net [38] model for medical segmentation,
we propose an improved DoubleU-Net model specifically adapted for topology
optimization tasks to achieve precise topology configuration prediction and ac-
celeration, enabling real-time topology optimization with high accuracy. The
overall architecture of the improved DoubleU-Net network is shown in [Figure
4: see original paper].

(1) Pre-training Module: Instead of using the conventional pre-trained
VGG16 encoder, we employ a U-Net architecture encoder block. The U-Net
encoder progressively extracts image features through multiple convolutional
layers, while the decoder restores image details by fusing information from the
encoder and skip connections. Skip connections serve as bridges connecting cor-
responding layers between the encoder and decoder. Pre-training uses topology
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optimization training data (excluding test data) to obtain more useful features
from topology optimization data. Using pre-trained models for feature extrac-
tion avoids redundant model training and improves training efficiency. This
approach enhances DoubleU-Net’s prediction capability without significantly
increasing computational cost or parameter count.

Input data passes through the pre-trained U-Net1 encoder and decoder to obtain
a preliminary prediction result (output1). The original input is then multiplied
with Sigmoid(output1). The Sigmoid function maps outputs to (0,1), better
aligning with pixel value characteristics. The multiplication result serves as
input to U-Net2’s encoder. The motivation for using two U-Nets stems from
the observation that feature maps from U-Net1 can be further improved by
re-accessing the original input image and corresponding mask.

(2) Encoder Module: Encoder2 contains four encoder blocks, each performing
two Conv2d convolutions for upsampling operations. The input-output data
format is as follows:

Output = Input, (Conv2d ∶ 𝑘[0] = 1, 𝑠[2] = 2, 𝑝[0] = 𝑑[0] = 2, 𝑝[1] = 𝑑[1] = 𝑠[1] = (𝑘[1]−1) = 1)

where 𝑁 is the batch size of input data, 𝐶𝑖𝑛 and 𝐶𝑜𝑢𝑡 are input and output
channel sizes, 𝑝 is zero-padding added to both sides of input, 𝑑 is the spacing
between kernel elements, 𝑘 is the convolution kernel size, 𝑠 is the convolution
stride, and 𝐻, 𝑊 and 𝐻𝑜𝑢𝑡, 𝑊𝑜𝑢𝑡 are the height and width of input and output
planes in pixels.

Two BatchNorm2d normalization operations are then performed. Normalization
helps reduce data dispersion, making it easier for the model to learn potential
relationships between features, preventing network performance instability due
to excessively large data before ReLU activation, and thereby improving model
generalization performance.

Finally, the ReLU activation function introduces non-linearity into the model:
ReLU(𝑥) = max(0, 𝑥), where 𝑥 is the normalized input data.

(3) Atrous Spatial Pyramid Pooling (ASPP): After the Encoder2 blocks,
information is fed into ASPP [39]. ASPP obtains multi-scale contextual informa-
tion by applying atrous convolution (dilated convolution) at different sampling
rates. Atrous convolution introduces a dilation parameter in standard convo-
lution, making the convolution kernel convolve with pixels at certain intervals,
thereby expanding the receptive field and obtaining broader contextual infor-
mation. ASPP performs pooling operations on atrous convolution results from
multiple sampling rates to obtain multi-scale feature representations, which are
then concatenated or weighted fused to produce more comprehensive and richer
feature representations.
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[Figure 5: see original paper] compares standard convolution and atrous con-
volution, showing how blue inputs produce green outputs with moving shadow
representing the convolution kernel.

(4) Decoder Module: In Decoder2, feature information from skip connections
of the two preceding encoders and output from ASPP processing are utilized.
Other operations are similar to the encoder, except using Conv2d for down-
sampling. Two Conv2d operations are performed again, each followed by batch
normalization and a ReLU activation function. Through this series of convolu-
tion, pooling, and feature fusion operations, the input data yields high-precision
topology optimization prediction results with the same resolution as the input
image.

3.3 Loss Functions

In the DoubleU-Net model and U-Net, we compared the effects of three different
loss functions and evaluated their performance: Mean Squared Error (MSE),
Mean Absolute Error (MAE), and Structural Similarity Index Measure (SSIM)
for assessing differences between model predictions and actual labels. When
calculating loss between image input and labels, images are represented as pixel
value matrices.

MSE is the average of squared differences between predicted and actual values.
For two images of the same size, MSE is calculated as:

MSE(𝐼1, 𝐼2) = 1
𝑀𝑁

𝑀
∑
𝑖=1

𝑁
∑
𝑗=1

[𝐼1(𝑖, 𝑗) − 𝐼2(𝑖, 𝑗)]2

MAE is the average of absolute differences between predicted and actual values.
For two images of the same size, MAE is calculated as:

MAE(𝐼1, 𝐼2) = 1
𝑀𝑁

𝑀
∑
𝑖=1

𝑁
∑
𝑗=1

|𝐼1(𝑖, 𝑗) − 𝐼2(𝑖, 𝑗)|

where 𝐼1(𝑖, 𝑗) is the pixel value at row 𝑖, column 𝑗 in the input image; 𝐼2(𝑖, 𝑗)
is the pixel value at row 𝑖, column 𝑗 in the label image; and 𝑀 and 𝑁 are the
number of rows and columns in the images.

SSIM measures structural similarity between two images. For two images of the
same size, SSIM is calculated as:

SSIM(𝑥, 𝑦) = (2𝜇𝑥𝜇𝑦 + 𝐶1)(2𝜎𝑥𝑦 + 𝐶2)
(𝜇2𝑥 + 𝜇2𝑦 + 𝐶1)(𝜎2𝑥 + 𝜎2𝑦 + 𝐶2)

In practical engineering calculations, to reduce computational complexity, SSIM
is generally simplified as SSIM(𝑥, 𝑦) = [𝑙(𝑥, 𝑦)]𝛼 ⋅ [𝑐(𝑥, 𝑦)]𝛽 ⋅ [𝑠(𝑥, 𝑦)]𝛾 with 𝛼 =
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𝛽 = 𝛾 = 1 and 𝐶3 = 𝐶2/2. Here, 𝑥 and 𝑦 represent input and label im-
ages, 𝑙(𝑥, 𝑦) is luminance comparison, 𝑐(𝑥, 𝑦) is contrast comparison, 𝑠(𝑥, 𝑦) is
structure comparison, 𝜇𝑥 and 𝜇𝑦 are means of 𝑥 and 𝑦, 𝜎𝑥 and 𝜎𝑦 are standard
deviations of 𝑥 and 𝑦, 𝜎𝑥𝑦 is covariance of 𝑥 and 𝑦, and 𝐶1, 𝐶2, 𝐶3 are constants
to avoid division-by-zero errors.

3.4 Evaluation Metrics

IoU (Intersection over Union) is a commonly used performance metric for eval-
uating segmentation tasks. In computer vision, IoU typically measures the
overlap between predicted bounding boxes and ground truth. Since this task
involves predicting real topology-optimized images, IoU is highly appropriate as
an evaluation criterion. IoU is calculated as:

IoU =
∑𝑀

𝑖=1 ∑𝑁
𝑗=1[𝐼1(𝑖, 𝑗) ⋅ 𝐼2(𝑖, 𝑗)]

∑𝑀
𝑖=1 ∑𝑁

𝑗=1[𝐼1(𝑖, 𝑗) + 𝐼2(𝑖, 𝑗) − 𝐼1(𝑖, 𝑗) ⋅ 𝐼2(𝑖, 𝑗)]

where 𝐼1(𝑖, 𝑗) is the pixel value at row 𝑖, column 𝑗 in the input image, and 𝐼2(𝑖, 𝑗)
is the pixel value at row 𝑖, column 𝑗 in the label image.

4. Experiments
4.1 Experimental Setup

Each structural dataset is divided into training, validation, and test sets in
an 80%, 10%, 10% ratio, respectively, using random sampling. The test and
validation sets are not used for model training. To evaluate the optimization
performance of the improved DoubleU-Net model, we conducted experimental
prediction assessments on four datasets. Model training uses 100 epochs, batch
size of 128, and dynamically adjusted learning rate with an initial rate of 0.01,
decreasing by 50% every 10 epochs.

shows the quantities of training, validation, and test sets for each structure.

4.2 Random Structure Dataset Evaluation

On the Random dataset, we compared the topology optimization performance
of DoubleU-Net and U-Net models at two resolutions (32$×64𝑎𝑛𝑑64×$128) and
analyzed the impact of different loss functions (MAE, MSE, SSIM) on topology
optimization effectiveness.

Experimental results are shown in . For both 32$×64𝑎𝑛𝑑64×128𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑠, 𝑜𝑢𝑟𝑝𝑟𝑜𝑝𝑜𝑠𝑒𝑑𝐷𝑜𝑢𝑏𝑙𝑒𝑈−
𝑁𝑒𝑡𝑚𝑜𝑑𝑒𝑙𝑎𝑐ℎ𝑖𝑒𝑣𝑒𝑠𝑏𝑒𝑡𝑡𝑒𝑟𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒𝑡ℎ𝑎𝑛𝑈−𝑁𝑒𝑡𝑜𝑛𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔, 𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛, 𝑎𝑛𝑑𝑡𝑒𝑠𝑡𝑠𝑒𝑡𝑠, 𝑤𝑖𝑡ℎ𝑎𝑛𝑎𝑣𝑒𝑟𝑎𝑔𝑒𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡𝑜𝑓1−
2×64𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛, 𝐷𝑜𝑢𝑏𝑙𝑒𝑈−𝑁𝑒𝑡𝑎𝑛𝑑𝑈−𝑁𝑒𝑡𝑚𝑜𝑑𝑒𝑙𝑠𝑢𝑠𝑖𝑛𝑔𝑆𝑆𝐼𝑀𝑙𝑜𝑠𝑠𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛𝑎𝑐ℎ𝑖𝑒𝑣𝑒𝑡ℎ𝑒𝑏𝑒𝑠𝑡𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛𝑎𝑛𝑑𝑡𝑒𝑠𝑡𝐼𝑜𝑈𝑚𝑒𝑡𝑟𝑖𝑐𝑠.𝐻𝑜𝑤𝑒𝑣𝑒𝑟, 𝑎𝑡64×$128
resolution, the U-Net model achieves the best results on training, validation,
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and test sets with MSE loss function, which is surprising. Additionally, MSE
performs best on most training sets but not on test sets, indicating some
overfitting.

Analyzing the different results from different loss functions, we observe that
using MAE as the loss function yields the lowest prediction accuracy because
its gradient updates remain constant, which is unfavorable for model training.
Using MSE as the loss function performs well on training sets but poorly on test
sets due to overfitting. In contrast, the SSIM loss function achieves the best
results because, unlike MAE and MSE, SSIM does not measure absolute error
but evaluates loss from three perspectives—luminance, contrast, and structure
—better aligning with human visual perception. Overall, the best-performing
combination on the Random dataset is DoubleU-Net + SSIM, achieving the
highest test accuracies of 92.38% and 93.14% at 32$×64𝑎𝑛𝑑64×$128 resolutions,
respectively. Experimental data demonstrates that the SSIM loss function is
more suitable for the DoubleU-Net model and yields optimal results. There-
fore, for experimental fairness, we select SSIM as the model’s loss function in
subsequent experiments.

compares training loss convergence values for the improved DoubleU-Net. The
overall training loss iteration processes for our proposed DoubleU-Net and U-
Net models under different loss functions are shown in [Figure 6: see original
paper]. As iteration count increases, the DoubleU-Net model exhibits more
stable loss function convergence compared to U-Net. After 100 epochs, DoubleU-
Net achieves lower loss convergence values than U-Net on both training and
validation sets, indicating better fitting on the training set and improved data
feature extraction.

4.3 Three Industrial Beam Structure Dataset Evaluation

The prediction performance comparison between DoubleU-Net and U-Net at two
resolutions on three industrial structural beams is shown in . Having proven
SSIM’s excellent performance on the random dataset, we directly adopt SSIM for
experimental fairness. DoubleU-Net outperforms U-Net on training, validation,
and test sets across all three beam structures at both resolutions. On Can-
tilever data, test accuracies reach 96.57% and 96.85% at 32$×64𝑎𝑛𝑑64×$128
resolutions, respectively. On Continuous data, test accuracies are 96.30% and
96.40%. On Simply supported data, test accuracies are 97.47% and 97.30%.
Analysis across different resolutions shows that DoubleU-Net prediction accu-
racy is nearly unaffected, with prediction errors within 1% across resolutions,
demonstrating good robustness.

4.4 Prediction Performance Across Four Structures and Resolutions

We present partial prediction effect diagrams of the DoubleU-Net model across
four structures at two resolutions, comparing predictions with corresponding
real topology-optimized structures in [Figure 8: see original paper]. By com-
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paring each image group, we observe that DoubleU-Net performs excellently on
the test set and can effectively predict datasets with four different structures at
two resolutions, producing results very close to real topology-optimized struc-
tures. This further highlights the effectiveness of the proposed DoubleU-Net
model in the topology optimization domain. Experimental results demonstrate
outstanding performance across all conditions.

4.5 Generalization Capability Test

A notable drawback of deep learning methods for topology optimization is that
trained neural network models are only applicable to specific boundary con-
ditions—prediction performance drops significantly when boundary conditions
change. Therefore, we analyze the generalization capability of our proposed
model. To our knowledge, this is the first study to examine generalization ca-
pability in neural network applications for topology optimization by analyzing
models trained on four different datasets across all four dataset types. Results
are shown in .

High-resolution datasets better reflect model performance, so testing is con-
ducted at 64$×$128 resolution. We use models trained on four structural
datasets to test prediction accuracy on all four structural datasets, focusing
particularly on trained model performance on other datasets. Experimental re-
sults show that the model trained on the Random structure dataset exhibits
the best generalization capability, performing excellently on the other three
beam structure datasets with an average accuracy of 92.7%. In contrast, mod-
els trained on the other three beam structure datasets only perform excellently
on their own structural dataset but poorly on the other three, achieving aver-
age accuracies of 87.81%, 89.91%, and 88.49% on different structural datasets
for cantilever, continuous, and simply supported beams, respectively—approx-
imately 4% lower than the random dataset-trained model. This proves that
training with the random structure dataset yields excellent generalization ca-
pability with great potential for real-time structural optimization in large-scale
engineering projects.

4.6 High-Quality Prediction Structure Evaluation and Quantity

In topology optimization, high-quality predicted structures are essential for prac-
tical application. Therefore, we investigate the quality distribution across test
sets at 64$×$128 high resolution under different IoU metric ranges, with results
shown in [Figure 9: see original paper]. Each structural test set contains 5,000
samples. Typically, IoU values below 0.7 indicate poor prediction quality where
most predicted structures do not match real structures. Under our DoubleU-
Net model, low-quality predictions with IoU < 0.7 constitute only 0.1% of all
structures. In the IoU range of 0.7-0.9, which we consider moderate quality
where most predictions match real structures but details are poorly predicted,
the proportion is 7.53%. IoU > 0.9 is considered high-quality prediction where
predicted structures are similar to real topology-optimized structures with suc-
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cessfully predicted details, accounting for a large proportion of 92.34%. This
quality distribution further validates DoubleU-Net’s high-quality prediction
performance.

5. Conclusion
We generated a total of 400,000 2D samples across four boundary conditions:
random structures, cantilever beams, continuous beams, and simply supported
beams. Each structure includes 100,000 samples, with low-resolution and high-
resolution data each accounting for half. This constitutes the most diverse
and largest-scale open topology optimization dataset currently available. We
proposed an improved DoubleU-Net convolutional neural network model that
replaces the first encoder and decoder with pre-trained U-Net encoding and
decoding modules to better extract data features, achieving accurate and real-
time topology optimization design. The model delivers excellent results across
all four boundary condition datasets, achieving 1-2% performance improvement
over U-Net. We explored model generalization capability and proved that train-
ing with the random structure dataset yields excellent generalization potential
for real-time structural optimization in large-scale engineering projects. We are
the first to apply SSIM loss to topology optimization, achieving the best results.
Since topology optimization structures require high-precision results, we also
proposed a quality evaluation method for predicted structures and examined
the quantity distribution across different quality levels.

Currently, our research focuses on 2D topology optimization. Future work will
emphasize practical applications in topology optimization, including generating
3D topology optimization training data and collecting sufficient high-quality
data for datasets. We also face challenges regarding substantial computational
resource requirements. Furthermore, to improve deep learning generalization
capability in real-time optimization, we need to obtain 3D topology optimization
data for different structures to achieve real-time 3D topology optimization. Our
experience in the 2D domain provides innovative ideas and valuable references
for achieving intelligent, refined, and realistic 3D topology optimization.
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