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Abstract: Topology optimization is a computationally expensive process, especially when compli-
cated designs are studied, and this is mainly due to its finite element analysis and iterative solvers
incorporated into the algorithm. In the current work, we investigated the application of deep learning
methods to computationally accelerate topology optimization. We tested and comparatively analyzed
three types of improved neural network models using three different structured datasets and achieved
satisfactory results that allowed for the generation of topology optimized structures in 2D and 3D
domains. The results of the studies show that the improved Res-U-Net and U-Net are reliable and
effective methods among deep learning approaches for the computational acceleration of topology
optimization problems. Moreover, based on the results, it is evaluated that Res-U-Net gives better
results than U-Net for higher iterations. We also showed that the proposed CNN method is highly
accurate and required much less training time compared to existing methods.

Keywords: topology optimization; deep learning; convolutional neural network; Res-U-Net; U-Net

1. Introduction
1.1. General Knowledge

Topology optimization (TO) is one of the computational tools used for designing
lightweight and robust structures and it is well known in many industries. It also indirectly
improves the environmental effect of additive manufacturing since less material is used
during the 3D printing of structures [1]. Although, when the design of structures is geo-
metrically advanced with multiple initial and boundary conditions, and the computational
grid size is fine enough to obtain smoother layouts, the running time of TO significantly
increases [2]. Such a computational bottleneck is created mainly due to successive iterations
for solving a large system of linear equations obtained from finite element analysis [3].

There are several methods that can be applied to address this issue and these meth-
ods are reviewed in our earlier work [4]. Thus, earlier research works are based on
high-performance computing that uses multiple CPU and GPU processors, where a compu-
tationally expensive portions of algorithms are run in parallel among the cores [5,6]. From
the reviewed works, it was clear that CPU- and GPU-based computational accelerations
are directly related to the number of elements of FEA (i.e., grid size). Moreover, with the
increasing number of processors for parallel computing, higher the time for interprocessor
communications, which makes CPU- and GPU-based accelerations time-consuming for
problems with a higher number of grid elements [4].

Lately, the application of machine learning (ML) methods for the acceleration of
TO run time has gained significant attention. The main reason can be considered as
the increasing availability of advanced ML tools, which are also backed up with faster
computing hardware [7].
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1.2. Related Works in ML

These days, ML methods are being used in various ways to accelerate the running time
of TO methods, and here we will review the latest works in this area. The reader should
note that the works discussed below are the ones published within the last two years. The
reader should refer to our work [4], Section 4.3, to obtain a summarized knowledge of
ML-accelerated TO, which are earlier in time than the following works.

Jiang et al. [8] used ML algorithms on so-called moving morphable component (MMC)-
based topology optimization. In an MMC-based approach, TO relies on parameter tuning
of topological description function (TDF), where the turning is usually carried out manu-
ally. To address the latter, an ML-based parameter tuning strategy was proposed, which
considers an extra-trees (ET)-based image classifier and particle swarm optimization al-
gorithm. The approach was tested on a cantilever and L-shaped beams and the results
are satisfactory.

Qiu et al. [9] developed a deep learning (DL) algorithm for the computational ac-
celeration of TO using a convolutional neural network (CNN) with U-net architecture
and recurrent neural network (RNN) with long-short term memory (LSTM) architecture.
The trained algorithm was tested for the lightweighting of 2D and 3D cantilever-beam
structures. The generated designs showed high accuracy based on a comparative analysis
with FEM-based methods. Rade et al. [10] introduced the following two frameworks for TO:
density sequence (DS) prediction and coupled density and compliance sequence (CDCS)
prediction. The first approach considers a sequential prediction model that allows the
transformation of material densities without compliance. In the second method, the au-
thors included intermediate compliance results with the results of improving the efficiency
of the compliance predicting surrogate model. Both methods were compared with the
baseline approach, so-called direct optimal density (DOD). In case of DS, there are two
convolutional neural networks (CNN) are included in it to obtain the final prediction. On
the other CDCS is based on three CNNs that iterate while predicting the final optimal
topology. The authors demonstrated the better performance of their method by testing it
on 2D and 3D structures and comparing the results with a direct density-based approach
and SIMP methods.

Yan et al. [11] proposed a new method to predict the results of TO using initial stress
learning and DL techniques. A stress matrix was used instead of load cases and boundary
conditions. Moreover, the given method doesn’t require repeated iteration and produces
real-time results. The algorithm consists of three steps, the first step is the generation of data
on the boundary conditions using SIMP (in particular, the main stress matrix at the first
iteration, and the result of TO to use as a label); the second step is training the CNN model
with the data obtained in step 1; the third step is to test the proposed method for different
loading cases. The authors tested the proposed prediction method with the traditional TO
method for several examples with a single load. It was observed that the two results are
highly approximate.

Another interesting approach of using ML was done by Brown et al. [12] They investi-
gated using reinforcement learning (RL) to automate the designing of 2D topologies. RL is
a subset of ML that uses past experience to design an object by removing elements to satisfy
compliance minimization objectives. The main advantage of using the RL method is that it
does not rely on the pre-creation of the training dataset, to avoid such a time-consuming
process. In this method, the algorithm is trained to solve the optimal control problem
for the task by receiving feedback or rewards for its work. The algorithm was tested for
different load cases, and results showed that it is well adapted to solve the TO problem. The
authors showed that the proposed method can optimize 2D objects just as with traditional
gradient-based TO methods.

Another interesting approach of using ML was carried out by Brown et al. [12]. They
applied deep reinforcement learning to train an agent to design 2D topologies. Compared
to other Al and ML methods, reinforcement learning does not need any training data, but
relies on the agent that learns to complete a given task or set of tasks within the scope of
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the interactive environment by providing feedback to the performance of the agent. The
reward function is multi-objective and it was built to mimic the multi-objective feature of
the compliance minimization in TO. The progressive refinement, from 6 X 6 up to 24 x 24,
was conducted using randomly selected loads and bounded elements to train the agent.
Once trained, it was tested on other load cases, and compared with gradient-based TO
optimizers. The results showed that there is a generalized performance capacity of such
apporach, therefore, it is promising for complex tasks of TO.

Sun et al. [13] also proposed a gradient-free method DNN-MFSE, which is a combina-
tion of deep neural networks (DNN), and a topology representation model-material-field
series expansion (MFSE). The authors concluded that this method indicated better per-
formance compared to other gradient-free methods. Another advantage of the proposed
method is the ease of parallel computational implementation since it is a surrogate-based ap-
proach. Furthermore, the authors added that this method can be extended to multiphysics
problems opening up great opportunities for future studies.

Conditional generative adversarial networks (GANSs) are also used to accelerate TO
problems [14]. OptiGAN method was proposed by authors for TO of structures. It is a non-
iterative method using conditional generative adversarial networks with high accuracy. The
proposed method was tested with different datasets, and the average pixel-wise accuracy
of the method was estimated to be 83.15%. The authors mentioned that it is a rudimentary
phase, and more training needs to be conducted to diversify the spectrum.

Senhora et al. [15] proposed ML-driven framework to accelerate TO. Running time
here was reduced by using ML for the sensitivity estimation, thus eliminating FEA to
do this procedure. The authors used two-resolution TO: coarse-resolution (for physical
information) and fine-resolution (for geometric/topological information) meshes. The
information for those two meshes was used as an input for the ML model that predicts
the sensitivity, which was then used for a design variables update on the fine-resolution
mesh. CNN was used in the ML. Different examples were used to test the proposed
method to show its robustness once trained. Moreover, authors mentioned its potential for
large-scale problems.

Tan et al. [16] developed surrogate models based on artificial neural networks (ANN)
with the purpose of reducing the training time. Particularly, a portion of the training
data for full-scale calculations was obtained from coarse-mesh based simulation results.
In other words, the proposed ANN-based model, property network, maps the coarse
field to corresponding fine field, thus reducing the training time for full-scale TO calcula-
tions. Cantilever and L-shaped beams were considered as the test problems. The authors
showed comparative analysis for three cases in terms of training cost (i.e., time) with fixed
60 iterations of TO: (i) FEA-based TO, (ii) surrogate model-based TO with fine data and
(iii) surrogate model-based TO with hybrid data (coarse and fine mesh based data). Thus,
the results showed that the computational time of the latter case (iii) is nearly similar to
the case of (i), indicating that the training time of the surrogate model-based TO with
hybrid data is compatible with FEA-based TO, while its accuracy is close to the surrogate
model-based TO with fine data. Furthermore, the authors further used the trained prop-
erty network to complete 10 TOs, and the results showed that it is much faster than the
conventional FEA-based TO.

1.3. Current Work

In the current work, we propose new ML-based TO methods that allow obtaining of
highly accurate results without using computationally intensive FEA studies. In particular,
we studied CNN, U-Net and Res-U-Net based ML approaches and tested them for the
optimal generation of topology structures. The key scientific design point for the CNN
model is to develop an architecture that can be applied for both optimized topology
generation in 2D and 3D domains. On the other hand, design points for U-Net and Res-U-
Net models reduce not only the computational time to generate optimized topologies, but
also the training time, compared to similar models that are used to apply in TO. Thus, three



Appl. Sci. 2023,13, 479

4 0f 20

different datasets that contain various optimized topologies for given initial and boundary
conditions are used: (i) dataset #1 is generated using SIMP method [17]; (ii) dataset #2
is based on six parameters—volume fraction, displacement boundary condition, load on
X axes, load on Y axes, strain energy density and von Mises stress [18]; and (iii) dataset
#3, similar to the second one, uses physical fields as input parameters and corresponding
output images of optimized topologies [19]. It has been shown that the performance of
machine learning models which are based on convolutional mapping (CNN, U-Net, and
Res-U-Net) are superior among deep learning algorithms. The performance of the ML
algorithms trained using the above-listed datasets are compared in terms of accuracy and
timing. According to experimental results, the convolutional mapping is effective not only
for image-type data, and also for input data that takes into account the main parameters of
the TO problem.

Such ML models with reduced training times and higher accuracies are highly promis-
ing in accelerating the computational time of TO problems. Previous models such as
TopologyGAN [18] and SILONET [19] require much longer training times per epoch
(one complete pass of the ML algorithm through the training data) and larger networks
with millions of parameters for accurate results. With the proposed modifications and
improvements, the new models compared to their predecessors are much faster, robust,
and reliable.

Thus, the current work is structured in the following way: firstly, the brief theory
of topology optimization and its computational complexity are introduced. In the main
section, the proposed ML methods, including datasets, are considered, which are followed
by the description of numerical experiments and results. Finally, conclusive remarks
are provided.

2. Topology Optimization Theory

Topology optimization (TO) is a method for optimizing the distribution of material
within a given space for a given set of initial and boundary conditions. The method is
based on steps of finite element analysis, sensitivity, filtering, optimization, and updating
until convergence to the final topology [20]. The overall steps of the TO are shown in
Figure 1. Thus, the TO problem can be described as a search for a material distribution
that minimizes the objective function F under a volume constraint. The distribution of
material is described by a variable density p(x), which can take value 0 (emptiness) or 1
(solid material) at any point in the design plane ). The optimization problem for state
function u can be written in mathematical form as given below [20]:

min: F = F(u(p),p) = [, f(u(p),0)dV

0
subject to: Gy(p) = f(a)p(x)dV -W<o 1)
: Gi(u(p),p) <0,i=1,..., M
s p(x)=00r1, Vx € O

where Gp—volume constraint and G;—other possible M constraints. The first introduced
homogenization approach for the topology approach was developed by Bendsge and
Kikuchi [21], which later led to the evolution of other methods.

So far, several methods have been developed for solving TO problems: the density ap-
proach, the level-set approach, the phase field approach, and the discrete approaches [20,22,23].
Among them, the density approach method, and, in particular, the SIMP method (solid
isotropic material with penalization) [24] is commonly used by researchers/engineers and
it is included in commercial software such as SolidWorks/COMSOL/ANSYS and so on.
Thus, a common task of TO, based on the SIMP approach, is to minimize the compliance
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(i.e., maximize the stiffness) of a given structure under a given mechanical equilibrium,
and it can be written as [22]:

min : ¢(x) = UTKU = YN, (xe)Pul koue

x
: L V)
subjectto: = = f 2
:KU=F

0 <xpin <x <1

where U—displacement vector, F—force vector, K—stiffness matrix, u,—element displace-
ment, k,—element stiffness matrix.

Initialization -
(—-[ Finite element analysis
Sensitivity analysis 1=
1
1
1 .
< - B 1 :
no Filtering technique j===d :
| 1 :
! 1 :
I 1 -
[ Optimization (update design variables) ]— - : m
[——
yes
| Final t{}polugyl— —————————————— -

Figure 1. Schematic illustration of topology optimization steps [3].

The optimization problem can be solved using various iterative methods, such as
the optimality criteria (OC) method, the sequential linear programming (SLP) method, or
the moving asymptotes (MMA) method [25]. Any of these methods require significant
running time. Thus, considering the computational cost of the conventional TO methods,
acceleration techniques that permit the obtaining of optimized structures are of interest.
Below, we propose ML-based solutions that are reliable, highly accurate, and promising for
TO applications.

3. Datasets

We investigated deep learning methods for speeding up the topology optimization
(TO) process over three different datasets. These datasets were created by different research
groups, and it allows us to compare our results with them accordingly.

3.1. Dataset #1

The first dataset consists of 10,000 synthetic structures created by I. Sosnovic and 1.
Oseledets [17] using SIMP-based open source topology solver Topy [26]. Pseudo-random
problem formulations are used during the dataset generation. For each formulated problem,
initial hundred iterations of the standard SIMP method are generated. All problems are
based on loads and constraints as described below:
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e  The number of nodes with fixed x and y translations and the number of loads are
sampled from the Poisson distribution [17]:

Ny ~ P(A =2)
N, N ~ P(A = 2) ®)

The nodes for the constraints provided above are sampled from the distribution
evaluated on the grid.

e  The load values are set to be equal to —1.
e  Normal distribution from the equation below was used for the volume fraction sampling.

fo ~ N(u=05 0=01) 4)

where p—mean and o—standard deviation.

All generated images are tensors with dimensions equal to 100 x 40 x 40, where
100 is the number of iterations in the standard SIMP approach and 40 x 40 is the dimension
of the grid. Thus, two types of inputs are used as shown in Figure 2: (i) density distribution
at n-th iteration, and a gradient of n-th and (n — 1)-th iterations. The outputs are optimal
layout (i.e., optimal structure).

Input (10th iteration of SIMP) Gradient Output image

Figure 2. Images of input, output and gradient of sample in the dataset #1.
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3.2. Dataset #2

The second dataset was obtained from the research studies of Nie et al. [18]. The
TopologyGAN dataset consists of around 47,000 samples, where each sample has six
features with the dimensions of 64 x 128: volume fraction (VF), displacement boundary
condition (BC), load on X axes, load on Y axes, strain energy density, von Mises stress
described in Figure 2. These features are described below:

e  Volume fraction (VF)—desired volume fraction of the output structure. VF value
varies in the range starting from 0.3 to 0.5 with the minimum change equal to 0.02. The
volume fraction is represented as a matrix completely filled with the desired volume
fraction value. All values of this matrix are the same and equal to the VF value, as
shown in Figure 3.

e Displacement boundary conditions (BC) are a 2D matrix with the dimension of
64 x 128, which shows the mounting places of the image. Elements of the matrix are
described by 0, 1, 2, or 3 numbers, where:

O 0—unconstrained;

O 1—u, is equal to zero;

O 2—uy is equal to zero;

O 3—both u, and uy are equal to zero;

where uy, uy are displacement vectors on x and y axis.

e Load on x axes—is a 2D matrix with the dimension of 64 x 128 filled with zeros and
containing at most one float that is less than or equal to one. Load on x axes—external
load acting along the x-axis. Only one cell may have a non-zero value which represents
external load magnitude and location.

e  Load on y axes—2D matrix with the shape 64 x 128 filled with zeros and containing
at most one float that is less than or equal to one. Load on y axes—external load acting
along the y-axis. Only one cell may have a non-zero value which represents external
load magnitude and location.

e  Strain energy density—is a physical field applied to the image and calculated using
the following equation:

Oom = \/0'121 — 011022 + 0'222 + 30'122 5)

e  Von Mises stress is also a physical field applied to the image and calculated using the
following equation:

W = Z(o11€11 + on1€11 +2011€11) (6)

NI~

where W is strain energy density, o, is the von Mises stress, 0;; are components of the
stress tensor. All the above-described features are illustrated in Figure 2.

In the current work, we modified input tensors of the TopologyGAN dataset by
separating BC features into two feature matrixes in the following way:

e BC on x axes—a matrix for showing points that are fixed on x axes. Basically, it is
equal to 1 if uy, = 0, otherwise it is 0. Alternatively, it is equal to 1 when the cell is on
the original BC, which is equal to either 1 or 3.

e  BC on y axes—is a matrix for showing points that are fixed on y axes. Basically, it is
equal to 1 if u, = 0, otherwise it is 0. Alternatively, it is equal to 1 when the cell is on
the original BC, which is equal to either 2 or 3.
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Feature

Von Misses stress Volume fraction

Load X Boundary condi- Strain energy
tion density

Load Y

Desired output

Sample 1

Volume fraction: 0.44

Sample 2

Volume fraction: 0.42

Sample 3

Volume fraction: 0.30

Stress volume fraction: 26.89x1073

Stress volume fraction: 10.65x107

Stress volume fraction: 42.27x1073

Boundary condition: 0.02

Boundary condition: 0.00

Boundary condition: 0.01

Load X: 0.00 Load X: 0.00 Load X: 0.00
Load V: 0.87 Load Y: 1.00 Load Y: 1.00
Output size: 0.46 Output size: 0.42 Output size: 0.35

20

Figure 3. Visual representation of samples of dataset #2.

3.3. Dataset #3

The third dataset was generated using the research results by Bielecki et al. [19]. It
contains physical fields as an input features and an output image of the desired structure.
The authors took the value of optimization parameters as follows: Poisson’s ratio = 0.3;
Young’s modulus = 1; minimum Young’s modulus = 10~7; filter radius = 3.2; penalization
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factor for initial iteration = 2; and penalization factor for later iteration = 8. The structures
of the objects are digitalized to 80 x 80.

For 2D Latin hypercube sampling, the volume fraction changes in the range of [0.21-0.99]
at 0.01 interval (79 cases), and 5 nodal deflections changes in the range of [0.0-0.5] at 0.1
interval (6° cases). The total training of samples is 614,304 (7776 x 79).

For 3D random sampling, the volume fraction changes in a range of [0.3-0.7] at 0.05
interval (9 cases), and 18 nodal deflections randomly generated in the range of [0.0-0.5]
(5000 cases) as shown in Figure 4. Total training of samples are 45,000 (9 x 5000).

Nodal Deflections
(2D & 3D boundary conditions)

Ul6-Ul8 Ul13-Ul15
tu ust
u2
U4
Usy
+ Bottom left node fixed * Front bottom left node fixed
* Top left fixed node in x + Front top left node fixed in x
* Ul - U5 sampled + Front bottom right node fixed

nx&z
» Ul - Ul8 sampled

Figure 4. Description of nodal deflection of 2D and 3D objects [19].

In the paper, inputs of the 2D objects are based on 6 elements {VF, U1:U5}, inputs of
the 3D objects are based on 19 elements {VF, U1:18}. We modified the inputs of the objects
as follows:

e  For 2D objects input vector with [2 x 2 x 3] dimensions:

_[vE VF[W W] U,
X2b = [VP VFHO u5] {0 UJ @
e  For 3D objects input vector with [2 x 2 x 7] dimensions:
VE VF||Ue Ug| Uiy Uis||thg Us| U7 Uo||Us Un| Uy U ®)
VE VE|| 0 Wl||lus Us||lus u,llo oflo wullo o

4. Model Design

In the work, we investigated the application of deep learning methods such as U-
Net, Res-U-Net, and CNN to accelerate the run time of TO methods. For this purpose,
we applied U-Net and Res-U-Net to Dataset#1 and Dataset#2 which are based on 2D
problems, and CNN to Dataset#3 based on both 2D and 3D structures. Let us describe their
architectures separately below.

4.1. CNN

Convolutional neural networks are a special type of artificial neural network that sub-
stitutes a commonly used matrix multiplication operation with a mathematical operation
called convolution. This operation can be described using Equation (9) mentioned below:

(Fre)®): [ flog(t-m)ar ©
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In the scope of this paper, two different CNN models, two and three-dimensional
cases have been created. They have the same architecture and differ only in terms of their
input and output shapes. For both models, input tensors will pass through two consecutive
convolutions, with an initial filter size of thirty-two, and one upsampling layer. This
procedure will be performed repeatedly until receiving tensor with a higher shape than the
desired one is achieved. Finally, tensors further pass through several convolution layers
for obtaining desired output, which is a final optimized layout in our case. Detailed CNN
modules are illustrated in Figure 5.

Input 2D

2x2x3 4x4x3 4 x4 x32 8§x8x32 16 x16x32

X 0
25 I’ *,

80 x80x1 104 x 104 x 32 128 x 128 x32 64 x64x32 32 x32x32
Input 3D

2x2x7 8§x8x32 8 x 8 x 04

I»
.
b3

20 x 20 x 20 26 x 26 x 26 32%x32x%x32 32x32x64 16x16x64

Figure 5. Visual representation of CNN modules for 2D and 3D objects.

The suggested CNN models are trained on Dataset #3. Inputs of the neural networks
are model parameters such as volume fraction and nodal deflections. The output of neural
networks is taken to be the optimal structure.

4.2. U-Net

U-Net is a special type of CNN designed for solving image segmentation tasks. It
consists of two main stages: contracting and expanding. During the first stage, the model
generates N small, filtered versions of the image. In the next stage, all obtained images
are upsampled and filtered for receiving the final solution. The solution for this task is the
binary image, where 0’s stands for void and 1’s for the material.

U-Net consists of the following layers: convolution, pooling, dropout, and upsampling.

The convolutional layer is a set of learnable filters, which have a small receptive field
but extended through the full depth of the input volume. In the scope of our experiment, at
each step of the first stage, the total size of the frame is going to be decreased twice, and
the number of filters will be increased twice. For the next stage, we apply reverse logic:
increase the frame size and decrease the filter size at each step.
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Pooling layer: The process of sample-based discretization, where the goal is to down
sample the input matrix. In the scope of this experiment, we have used a stride of two
(N =M =2) and the maximum value of each region has been assigned to the resulting matrix:

f'(x,y) = max [f(N*x+iMxy+j)] (10)
i,je{0,1}

Dropout (dilution) layer. This is a regularization technique used in artificial neural
networks for preventing overfitting. Basically, it sets random values of the dataset to zero
and forces machine learning algorithms to learn in a more efficient way.

Upsampling is the process of increasing the width and height of the input matrix by
N, M times, correspondingly. In the experiments we have used N =2, M = 2 and filled the
matrix using the following formula:

fl(xy) = f(int(%, %)) 11)

where f’(x,y) is a new matrix and f(x, y) is the initial matrix.

The architecture of the U-Net looks like a symmetrically mirrored convolutional neural
network. It consists of two stages: contracting (encoder) and expanding (decoder).

Stage 1: Contracting. This stage follows the regular architecture of CNN. It consists
of N repeated applications of two 3 x 3 convolutions each followed by rectified linear
unit (ReLU) and a 2 x 2 max pooling operation with stride 2. In our work, the initial
number of feature channels is taken to be 8 and the number of channels is increased in a
sampling operation.

Stage 2: Expanding. This stage is the reverse of the first one with only one difference: at
the beginning of each step, the corresponding feature map is cropped from the contracting
path and concatenated with the processed one. The resulting feature map passes through
two 3 x 3 convolutions followed by ReLU activation function. Moreover, the generated
tensor is upsampled, where the dimensions of the frame are increased twice. In the end, the
resulting tensor passes through the last convolutional layer with only one feature channel
followed by the sigmoid activation function.

In our experiments, we use the following loss function for the training process:

. B %62 for le] < A b
ale) = A * (|e| - %A) otherwise 12)

where, ¢ is the value of error and A is a predefined coefficient which is equal to 0.5 in the
scope of our experiments.

4.3. Res-U-Net

Res-U-Net is an encoder-decoder architecture and refers to deep residual networks
and U-Net. It takes advantage of both models, such that residual blocks prevent the
vanishing or exploding of gradients in building deeper neural networks, while U-net
reconstructs images from generated features.

Similar to U-Net, Res-U-Net has encoding and decoding networks that are connected
by a bridge. However, Res-U-Net consists of pre-activated residual blocks instead of simple
convolution filters. In the encoder block, neural networks learn the abstract representation
of the input image. The bridge is a pre-activated residual block used to stride value 2. The
decoder receives features from the bridge and skip connections from encoder blocks to
generate better semantic representation.

In our experiments, the encoder of the model consists of three residual blocks, and the
decoder of model has fur residual blocks. A general description of the proposed Res-U-Net
is given in Figure 6. For simplicity, we grouped parts of the networks as Stem, Residual_b,
Batch_nor_a, UpSamp_b, and Conv_b as shown in Figure 7.
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Figure 6. Visual representation of the proposed Res-U-Net.
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Figure 7. The main blocks of the Res-U-Net: Stem, Resudual_b, Batch_nor_a, UpSamp_b and Conv_b.

In the experiments, we use mean squared error as the loss function in the training process:
1 N 2
LW) = 5 LN, [INet(I; W) = si] 13)

where N is the number of the training samples, Net(I;; W) is the generated segmentation,
s; is the ground truth.

In both U-Net and Res-U-Net models, we use the same input and output data from
Dataset #1 and Dataset #2. The outputs of neural networks are taken to be optimal density
distribution (i.e., optimal structure). For Dataset #1, the inputs of the neural networks
are intermediate density distributions, which are obtained after n-th iteration of the SIMP
model and its gradient. For Dataset #2, inputs of the model are physical parameters as
shown in Figure 3.

5. Evaluation Metrics

In the scope of the research work, mean absolute error (MAE), mean square error
(MSE), binary accuracy (BA), and intersection over union (IoU) evaluation metrics are used.
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They measure how much the predicted image differs (MAE, MSE) or similar (BA, IoU)
from the desired image.

Mean Absolute Error. The mean absolute error (MAE) is the measure of the error
difference between two observations that reflect the same phenomena, and it is written as

follows:
1

1 M | ; 1 «—M N ; ;
MAE = MZi:l‘y( -y = ME-:l ﬁZj:1‘yf( ) _yf/()

Mean Square Error. Mean square error (MSE) is defined as the average of the squares
of the errors, or the average squared difference between the estimated and actual values.

(14)

1 M o o 2 1 M 1 N I3 . 2
MSE = = Y0, (v -y @) = 2 S 1 (v -y ) (15)

Binary accuracy (BA). Exact match or binary accuracy is a metric that compares all
pixels of the output image with the target image:
w) w
A = W0t wn (16)
ng + ny
where Wip is the total number of instances of class t predicted to belong to class p, and ny is
the total number of instances of class x.
The intersection over union metric is the percentage of overlapping between the target
image and the predicted image.

6. Experiments
6.1. Experiments on Dataset #1

The first experiment contains four different data distributions (DD) as shown in Table 1:
Uniform [1-100], Poisson (5), Poisson (10), and Poisson (30). Columns with header 5 to
80 are input iterations for the test model. For example, 5 means that SIMP was used till
the 5th iteration and the output of the 5th iteration and the gradient of the 5th iteration
are used as inputs of the neural networks. All models were created using TensorFlow API
and using Adam optimizer. Authors in [17] used U-Net to train the data in the original
paper. Training results depend on hyperparameters and initial values of weights. For a fair
comparison of the models, we trained U-net and Res-U-Net on the same initial weights
with two different depth values: 3 and 4. According to the experiments, increasing the
depth of the model did not play a significant role in obtained results of the correlation
between accuracy and iteration. Therefore, we decided to test and compare all experiments
with Res-U-Net model with depth 3. Filters of the layers taken as 16, 32, 64, 64, 32, and 16,
consequently, in the model.

Table 1. Binary accuracy score for the U-net and Res-U-Net.

DD DD 5 10 15 20 30 40 50 60 70 80
' U-Net 93.59 95.44 96.23 96.68 97.20 97.59 97.77 97.97 98.08 98.22
Uniform o UNet 9178 95.53 97.05 97.96 98.79 99.18 99.36 99.47 99.54 99.55
U-Net 94.03 95.66 96.20 96.62 96.99 97.35 97.52 97.55 97.65 97.76

PO " Res-U-Net 9379 96.73 97.23 97.58 98.06 98.36 98.58 98.74 98.86 98.95
U-Net 94.06 95.48 96.09 96.47 96.82 97.23 97.42 97.48 97.53 97.64

PAD s UNet 9263 96.80 97.90 98.20 98.58 98.83 99.00 99.12 99.20 99.25
U-Net 93.88 95.96 96.85 97.19 97.61 97.83 98.00 98.19 98.28 98.42

POY pesUNet 8988 95.60 97.22 98.11 98.89 99.19 99.36 99.47 99.54 99.55

The main evaluation metrics for this experiment are taken to be the binary accuracy
score. According to the experiment, U-Net gives better results in lower iteration (5th);
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however, Res-U-Net is dominant in higher iterations. Although, the accuracy of the Res-U-
Net does not significantly deviate from the ground truth even for the predictions in lower
iterations and this is shown in Figure 8.

Prediction of Res-U-Net for 5th iteration of

SIMP method Ground Truth (SIMP method)

=]
=]

10 10
15 15

0 10

Figure 8. Outputs of Res-U-Net and ground truth from Dataset #1.

6.2. Experiments on Dataset#2

The authors in [18] applied a TopologyGAN model to train Dataset #2. They used a
hybrid generator architecture called U-SE-ResNet in the model. We alternatively modified
the input tensors of the dataset by separating BC features into two feature matrixes and
applied U-Net and Res-U-Net directly to the modified input data and achieved superior
results. The results are provided in Table 2.

Table 2. Experiments results of 10-fold cross validation accuracy of Res-U-Net and U-Net models.

Models Input BA MAE MSE
Res-U-Net Original input 0.889 0.114 0.098
Res-U-Net Modified input 0.965 0.037 0.048

U-Net Modified input 0.974 0.031 0.022

Similar to [18], we trained the models based on a combination of the parameters of
TO: VF—volume fraction, BC—boundary conditions, c—von Mises Stress, W—strain
energy density, L—load on X and Y axes. According to experiment results in Table 3,
Res-U-Net with 6 layers with VF, BC, o, W and L parameters gives better results according
to binary and IOU metrics. This means that more accurate results can be achieved using
more informative features. The models show superior results with respect to MAE and
MSE metrics based on VF, BC, o, and W parameters.
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Table 3. Dependency between accuracy and features.

Training Parameters Metrics
Epoch Layers Min.Filters Features BA 10U MAE MSE
Train Val Test Train Val Test Train Val Test Train Val Test
100 3 32 VE o, W 93.73 93.78 83.39 87.92 88.01 70.95 0.0793  0.0789  0.1780  0.0479  0.0478  0.1382
100 3 32 V(l;, S\IC 93.82 93.82 83.63 88.09 88.08 71.34 0.0314  0.0307  0.1250  0.0194  0.0192  0.1052
VE, BC,
100 3 32 o WL 93.61 93.65 83.24 87.71 87.81 70.87 0.0587  0.0602  0.1645 0.0358  0.0370  0.1338
100 6 32 VE o, W 97.43 97.49 88.01 94.87 94.98 78.10 0.0783  0.0793  0.1779  0.0473  0.0473  0.1341
100 6 32 V(f’ 5\? 97.80 97.83 89.66 95.59 95.64 80.88 0.0270  0.0267  0.1076  0.0167  0.0167  0.0909
100 6 32 ZFﬁcL’ 98.01 97.99 90.07 96.00 95.96 81.62 0.0572  0.0630  0.1690  0.0350  0.0383  0.1372
100 3 64 VE o, W 95.31 95.18 84.31 90.83 90.59 72.32 0.0810  0.0805  0.1796  0.0489  0.0488  0.1390
100 3 64 thj’ 5\? 95.43 95.00 83.93 91.05 90.25 71.81 0.0245  0.0254  0.1027  0.0153  0.0155  0.0881
100 3 64 ZF’V\E;% 95.69 95.47 84.32 91.53 91.11 72.32 0.0540  0.0557  0.1655  0.0331  0.0351  0.1329
300 6 64 VE o, W 98.22 98.06 88.06 96.43 96.10 78.21 0.0210  0.0229 01220 0.0135  0.0149  0.1081
300 6 64 thj’ \E/S\Ej 98.37 98.20 89.47 96.72 96.37 80.54 0.0194  0.0209 0.1088  0.0125 0.0142  0.0931
300 6 64 XF/V\]?% 98.97 98.64 89.61 97.92 97.25 80.80 0.0124  0.0155  0.1052  0.0080  0.0110  0.0964

After examining the outputs of the model, it was observed that the main difference
occurs in the corners of the structure. Therefore, the geometry of the model is not substan-
tially different from the original. Sometimes it is thinner or thicker than the desired one.
Having a thinner structure may decrease the overall strength of the model, which may or
may not make the structure fragile. The thicker structure has the same strength but uses
more material. We can say that in this case, the best solution is nearly achieved. Several
optimized topology layouts of the model training using Dataset #2 are given in Figure 9.

Ground truth: 0.49

Prediction: 91.02%

Ground truth: 0.48

Prediction: 95.21%

Ground truth: 041

Prediction: 97.91%

Figure 9. Outputs of SIMP (left) and Res-U-Net (right) from Dataset #2. In the images of ground
truth, 0.49, 048 and 0.41 describes volume fractions.



Appl. Sci. 2023,13, 479

16 of 20

6.3. Experiments on Dataset #3

Authors of the work [19] applied three stage neural networks to Dataset #3. In the first
stage, they used so-called feedforward NN to get a density distribution image. Input and
output of the first stage are given to CNN in the second stage. The second stage output is
passed through the third stage to obtain globally optimized structures.

In our work, we applied CNN to the same Dataset #3 with modified inputs such
as inputs of 2D objects based on 6 elements {VF, U1:U5}, inputs of 3D objects based on
19 elements {VE, U1:18} and achieved 96.67% accuracy for 2D and 93.22% for 3D objects as
shown in Table 4. According to the curve of the Loss function of the model, 50 epochs is
enough to get the right decision (Figure 10).

Table 4. Results of the Res-U-Net on the Dataset#3.

Experiment Test Train Validation
BA MAE MSE BA MAE MSE BA MAE MSE
2D 96.67 0.0461 0.0241 96.72 0.0449 0.0239 96.84 0.0441 0.0229
3D 93.22 0.0795 0.0513 94.01 0.0733 0.0450 93.94 0.0737 0.0457
model loss
0.022{ — train

—+— test

0.020 1

0.018 4

0.016 1

loss

00144 |

N |
0.012 !

\
| | |
0.010 1 M M‘\;___wf\vw\,\,\/‘-«j\/"\/'\/L

Figure 10. Illustration of the loss function of model for train and test data.

Generalization is the one of main measures to describe how well the machine learning
model has been built. Generalization refers to a model’s ability to adapt properly to new,
previously unseen data, obtained from the same distribution as the one used to create the
model. One of the gold standards to check generalization ability is to compare test and
training accuracies.

Thus, training and testing results of the proposed Res-U-Net are almost the same. The
samples for the comparative studies are based on the conventional SIMP model, and the
accuracy is 99%, and they are consistently around 99% after 30 iterations. Similar to [18],
Dataset #2 is divided into training, validation, and test sets as follows: 4 displacement BCs
of the total 42 are randomly selected as the test set. All data samples from the remaining
38 displacement boundary conditions are shuffled and split into training (80%) and valida-
tion (20%) sets. Note that the boundary conditions in the test set are not used for training of
the neural networks. According to training results, training and validation binary accura-
cies are around 99%, but the test accuracy is around 90%. The main reason is that training
and validation data are from the same distribution (38 scenarios) but test data is taken from
another 4 scenarios. For Dataset #2, which has 42 different scenarios, better generalization
can be obtained by increasing the variety of the training data (adding additional data with
different boundary conditions).
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The train, validation, and test binary accuracy are almost same for 2D (~96%), and 3D
(~93) on Dataset #3. Better generalization can be obtained by adding different combinations
of force values.

To train the suggested models in a similar way, the following software and hardware
are required: Python 3.7-3.10; pip version 19.0 or higher for Linux (requires manylinux2010
support) and Windows. pip version 20.3 or higher for macOS.; Windows Native requires
Microsoft Visual C++ Redistributable for Visual Studio 2015, 2017 and 2019. The following
NVIDIA® software are only required for GPU support.; NVIDIA® GPU drivers version
450.80.02 or higher,; CUDA® Toolkit 11.2.; cuDNN SDK 8.1.0.

7. Conclusions

In the paper, we investigated the possibility of acceleration of standard SIMP ap-
proaches using deep learning methods. For this purpose, we tested and comparatively
analysed three neural network models on the three different structured datasets introduced
by [17-19]. The first experiment had a goal to examine the efficiency of boosting SIMP ap-
proach by applying Res-U-Net and using different data distributions and different depths
of the model. According to the experiment results (Table 1), Res-U-Net gives better results
than U-Net for higher iteration, which is considered as a benchmark for Dataset #1 [22].
Additionally, it is defined that increasing the depth of the model by more than three did
not play a significant role in the obtained results of the correlation between accuracy and
iteration. Moreover, the training model using uniform distribution also has not played a
significant role in the accuracy of the resulting model.

The target of the second experiment was to study a deep learning model that can be
used as an alternative method to the existing technologies. Initially, there were six different
physical parameters that are used for training purposes. In each experiment, some of them
were eliminated for understanding their importance and effect on the final result. Von
Mises stress, strain energy density, and volume fraction were selected as an initial dataset.
Adding boundary conditions as an additional field increased the accuracy of the model.
However, the usage of loads for the model slightly decreased the accuracy score. In the
second experiment, we modified the input tensors of the dataset by separating boundary
conditions (BC) into two feature matrixes in Dataset #2 and applied U-Net and Res-U-Net
directly to the modified input data. According to the experiment, MAE = 0.0312 and
MSE = 0.0215 are obtained for U-Net, MAE = 0.037 and MSE = 0.48 for Res-U-Net, which
are higher than TopologyGAN accuracy presented in the work [24]. Furthermore, Topolo-
gyGAN is computationally heavier model than U-Net.

According to experiments with Dataset #1, the proposed Res-U-Net model shows
better results in terms of accuracy. But according to the studies with Dataset #2, our U-Net
and Res-U-Net models are more effective in terms of timing since they take less than 1 min to
train 1 epoch compared to the original TopologyGAN [18] model that takes approximately
15 min to train the 1 epoch. Accuracy results are almost the same in both models.

In the third experiment, we applied CNN to the same Dataset#3 with modified input
such as inputs of 2D objects of 6 elements {VF, U1:U5}, inputs of 3D objects consisting of
19 elements {VF, U1:18} and achieved 96.67% accuracy for 2D and 93.22% for 3D objects
(Table 4).

In Dataset #3 we used a CNN model, which is comparatively less complex than
SILONET [19] in the original paper in terms of depth and model parameters. SILONET
consists of two networks that use over 700 million parameters; however, our suggested
model uses less than 800 thousand parameters in the training process.

The relationship between the accuracy of the models and number of parameters are
given in the Tables 5 and 6. Due to the shape of the images (40 x 40) in Dataset #1, maximum
depth size can be taken as four and it slightly affects the accuracy of the model. On the
other hand, images from the Dataset #2 have a bigger shape (64 x 128) which gives us
possibilities to increase the depth of the model twice. Such an increase leads to a significant
change in accuracy (83.6 vs. 90.07 and 84.32 vs. 89.61).
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Table 5. Binary accuracy score for the Res-U-Net depends on model parameters on the Dataset #1.

D bwion  DePth  FllesonBachlayer RS
1 Uniform [1-100] 3 16,32, 64, 64,32, 16 93.59

2 Poisson (5) 3 16,32, 64, 64,32, 16 94.03

3 Poisson (10) 3 16,32, 64, 64,32, 16 94.06

4 Poisson (30) 3 16,32, 64, 64,32, 16 93.88

5 Uniform [1-100] 4 16,32, 64, 128, 128, 64, 32, 16 93.78

6 Poisson (5) 4 16,32, 64,128, 128, 64, 32, 16 94.08

7 Poisson (10) 4 16,32, 64,128,128, 64, 32, 16 93.98

8 Poisson (30) 4 16,32, 64,128, 128, 64, 32, 16 93.53

Table 6. Binary accuracy score for the Res-U-Net depends on model parameters on the Dataset #2.

Experiment # Depth Min. Filters Accuracy
1 3 32 83.63
2 6 32 90.07
3 3 64 84.32
4 6 64 89.61

Overall, we defined that Res-U-Net and U-Net are the more reliable and effective
methods among deep learning approaches for the computational acceleration of topology
optimization problems.

Depending on the boundary condition, the number of elements, volume fraction,
minimum radius, penalization, and filter number of iterations required to generate the
optimized topology sample varies from tens to thousands of iterations by using SIMP
model. For a laptop with Intel Core i7-4510 @2.00 Ghz with up to 2.60 Ghz, the time for
one iteration is around 0.88 s. Thus, optimized topology sample generation time can be
in the range of tens of seconds to thousands of seconds, respectively. The binary results
for the SIMP model estimation were obtained using “ToPy—Topology optimization with
Python” code [26]. To obtain better results, a higher number of elements is required, which
leads to an increase in sample generation time. In general, it requires a minimum of a
few hundred of seconds to generate a fine and detailed optimized topology. According to
trained deep learning models, the testing time for the suggested models is less than 1 msec,
which is incredibly faster than SIMP model generation. It is worth mentioning that deep
learning (DL) requires some time for data preparation and training. Although, optimally
designed and trained DL models definitely give advantages in obtaining optimized layouts
compared to conventional TO methods.

Thus, improved ML models provide reduced training times and better accuracies for
TO problems; therefore, they can be useful for the acceleration of computational time. In
the work, we have clearly showed that these new models are highly efficient, robust and
reliable compared to their predecessors, TopologyGAN [18] and SILONET [19].
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