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ABSTRACT

Customized 3D-printed structural parts are widely used in surgical robotics. To satisfy the mechanical
properties and kinematic functions of these structural parts, a topology optimization technique is
adopted to obtain the optimal structural layout while meeting the constraints and objectives. However,
topology optimization currently faces some practical challenges that must be addressed, such as
ensuring that structures do not have significant defects when converted to additive manufacturing
models. To address this problem, we designed a 3D hierarchical fully convolutional network (FCN) to
predict the precise position of the defective structures. Based on the prediction results, an effective
repair strategy is adopted to repair the defective structure. A series of experiments is conducted
to demonstrate the effectiveness of our approach. Compared to the 2D fully convolutional network
and the rule-based detection method, our approach can accurately capture most defect structures
and achieve 89.88% precision and 95.59% recall. Furthermore, we investigate the impact of different
ways to increase the receptive field of our model, as well as the trade-off between different defect-
repairing strategies. The results of the experiment demonstrate that the hierarchical structure, which
increases the receptive field, can substantially improve the defect detection performance. To the
best of our knowledge, this paper is the first to investigate 3D defect prediction and repair for
topology optimization in conjunction with deep learning algorithms, providing practical tools and new

perspectives for the subsequent development of topology optimization techniques.
© 2024 The Author(s). Published by Elsevier B.V. on behalf of Shandong University. This is an open access
article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

diseases from reusable medical devices [3]. Abdulsalam et al. de-
signed a new bone fixation plate, minimizing the stress shielding

In recent years, customized and disposable 3D-printed struc-
tural parts for surgical robots have been increasingly utilized to
meet specific medical requirements [1,2]. Benefitting from the de-
velopment of high-performance computing resources, automated
and intelligent structural optimization techniques have become
essential tools for designing 3D-printed structural parts for surgi-
cal robots. Structural optimization methods can be classified into
size, shape, and topology optimization. Among these methods,
topology optimization is widely used in the original design of re-
lated structural components because of its advantages, such as no
need for an initial design and the minimization of material usage.
For example, through topology optimization technology, Sun et al.
designed new disposable compatible forceps, which can achieve
disposable use of surgical instruments and prevent the spread of
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phenomenon [4]. Zhang et al. created soft rehabilitation fingers to
assist patients in completing rehabilitation training [5]. Currently,
the variable density method [6,7], the level set method [8], and
the homogenization method [9] are the three main optimization
methods for topology optimization. Among them, the variable
density method uses pseudo-density to describe the topological
solid structure and seeks the optimal force transmission route
of the structure, which possesses high computational efficiency
and stability and has been applied to commercial optimization
software such as ANSYS and Abaqus.

The improvement of design technology has also led to the
innovation of manufacturing technology. Additive manufacturing
technology (AM), also known as 3D printing, is a manufacturing
technology that constructs 3D structures by superimposing mate-
rials layer by layer [10]. Over the past decades, molding methods,
including stereolithography (SLA) [11], selective laser sintering
(SLS) [12], selective laser melting (SLM) [13], and fused deposition
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Fig. 1. 3D design problem for topology optimization. (a) The 3D design domain and the corresponding loading cases. (b) The structure generated by topology

optimization. (c) The STL surface model generated from the voxel structure.

molding (FDM) [14], have emerged [15] and offer a new op-
portunity to manufacture complex structures. Therefore, additive
manufacturing technology has become a common solution to
surgical robotic structural component production, allowing de-
velopers to focus on improving the performance of the structural
components of surgical robots [16]. However, since the variable
density method characterizes the topological structure through
pseudo-density values, defective structures will appear in the
regions with small density values when generating stereolithog-
raphy files (STL) using the marching cube method. These defective
structures must be repaired manually, which is time-consuming,
inefficient, and a tremendous obstacle to the practical application
of topology optimization technology in the design of structural
components. In conclusion, effective defect detection and repair
for model structures generated by topology optimization is an
urgent challenge.

To address the above problems, Sun et al. proposed a method
to repair voxel models by traversing them using a matrix of
neighborhood elements [17]. Liu et al. designed a method for
clear boundaries of topology optimization results using curve
fitting methods [ 18]. Gorkem et al. proposed a two-stage convolu-
tional network to reduce the number of structural disconnections
and decrease pixel errors [19]. However, the above approaches
mainly focus on defect repair of 2D-pixel structures or only
make preliminary attempts to repair 3D structures. Currently,
no end-to-end method exists for detecting and repairing de-
fects in structures generated by topology optimization. Conse-
quently, this paper proposes a deep learning-based method to
solve these problems. A series of experimental results proved
that the method proposed in this paper can effectively repair
the defects generated by topology optimization, which better
promotes the application of topology optimization technology
in the automated design of structural components for surgical
robots.

The main contribution of this paper specifically consists of the
following three parts:

e We establish a dataset generated by topology optimization
for deep learning model training to address the lack of
existing 3D voxel structural datasets. A Matlab topology
optimization structure generation module is used to obtain
samples by setting different boundaries and constraints. Us-
ing connected component analysis and the manual labeling
method to mark the position of defective voxels to create
a data set for subsequent deep learning algorithm model
training.

e In order to effectively detect defects in structures gener-
ated by topology optimization, inspired by the success that
deep learning algorithms have achieved on image semantic
segmentation tasks, a 3D hierarchical fully convolutional

network is designed. This model can effectively detect the
defect locations in structures generated by topology opti-
mization, which can provide the basis for the next step of
the repair process.

e A simple defect repair scheme based on the neighborhood
distance strategy is proposed, which can effectively repair
structural defects.

2. Data preparation

Currently, no datasets generated by topology optimization in
the target detection field can be used for semantic segmenta-
tion. We produce a dataset by using the topology optimization
simulation framework proposed by Liu Kai et al. [20]. An algo-
rithm for automated labeling of structures generated by topology
optimization is also designed.

Topology optimization is based on the basic principles of finite
element analysis to achieve the optimal and reasonable distribu-
tion of structural materials, which perform best under the given
constraints. Its optimization model is shown in Eq. (1):

find P =1p1,02 s Pesnspnl
minimize c(p) = F U(p) or
c(p) = —pour(p) = _LTU(:a) (1)

subject to v(p)=pV -1 <0
peEx,x={peR:0<p =<1}

where p is a vector consisting of the physical density values of
all voxel blocks in the grid of the design area; F is the vector of
nodal forces; L is a unit length vector with zeros at all degrees of
freedom except at the output point where it is one; U(p) is the
vector of nodal displacements; v is the unit volume of the voxel
block. V = [vy, ..., us]" is a vector of element volume, and v is
the prescribed volume limit of the design domain.

Fig. 1 provides a graphical illustration of the design problem
for the dataset used in this paper and gives an example of the
structure generated by topology optimization. In Fig. 1(a), the 3D
design domain is the green cuboid with a size of 20 x 60 x 20
mm. The mesh size and filter radius are set to 1 mm and 1.5 mm,
respectively. On the other hand, the fixation region is defined by
the blue box in the figure. F is selected in the range of 1 to 20
N. Young’s modulus of the material E; is set to 1000 MPa, while
Poisson’s ratio is set to 0.3. The penalty factor is set to 3, and
v is set to 0.15 to limit the volume of the model. The design
process predefined the fixation and force-applying areas as solid-
material domains. Different structural optimization models can
be obtained by modifying parameters, such as the position of the
fixed region, the magnitude of the force, and the direction. Fur-
thermore, to enhance the generalizability of the neural network,
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Fig. 2. Automated labeling strategy. (a) 4-neighborhood relationships. (b) 8-
neighborhood relationships. (c) The neighborhood of 3D voxel. (d) Defects
annotation. The blue voxels indicate the normal structure, and the red voxels
indicate the defects.

we also used the objective function of the compliance mechanism
to generate several samples with different structures.

One of the structures generated according to the above topol-
ogy optimization method is shown in Fig. 1(b) and (c).

As can be seen from the comparison figure, when transformed
into an STL surface model ready for 3D printing, the structure
shows defects, thus hindering the practical use of the model.

Currently, software in the industry for labeling structures gen-
erated by topology optimization has yet to be created. According
to the relevant literature and the dataset analysis in this paper,
statistics show that a single shared edge commonly characterizes
the regions where the surface model appears to be broken [18].
Most of them have at most one voxel connected in face contact
in the surrounding region. We address this situation by designing
an automated labeling tool that combines connected component
analysis and manual labeling [21].

Connected component analysis refers to finding and labeling
connectivity regions in an image, which is commonly used in
many application fields, such as CV and image processing, espe-
cially in extracting target regions of interest. We use this method
to help in the annotation of defects. The typical Connected com-
ponent analysis is divided into 4-neighbor and 8-neighbor rela-
tionship structures, and its connection form is shown in Fig. 2.

Since the samples used in this paper are three-dimensional
structures, considering the connectivity characteristics of single
shared edges, the adjacency relationship is extended to a 3D 6-
adjacency relationship based on Fig. 2(a) for connectivity analysis
of structures.

Algorithm 1: Algorithm for assisted labeling of voxel
model defect structures

1 Initialization of p = [p1, P2, ..., Pes -+ Pul’;
2 for x; in p:

3 if x; = 1 then

4 num; = ZjeNeighbor sz;
5 if num; < 1 then

6 Vi < 2;

8 else

9 continue;
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(b)

Fig. 3. Comparison of labeling results. (a) The structural sample where defects
can be detected correctly by the automated labeling tool. (b) The structural
sample where defects are not detected correctly. Pink voxels indicate defective
voxels labeled by the automated labeling tool, and purple voxels indicate
defective voxels need to be labeled manually.

</

Fig. 4. Detail of defective structures not detected by the automated labeling
tool.

¢

The 3D connected component analysis algorithm is designed in
Algorithm 1, and the 3D defect detection model is shown in
Fig. 2(c). In traversing the 3D voxel data, the seed-filling method
is used as follows.

(1) Firstly, the structure generated by topology optimization is
scanned until it reaches the target voxel point B(x, y) == 1;

(2) The target voxel point B(x, y) is taken as the seed voxel
point (the red voxel point in Fig. 2(a)), and then all the voxels
in the 3D defect detection model that meet the value of 1 are
pressed into the stack;

(3) The number of voxel points in the stack with the value of
1 is counted. If num; < 1, it indicates the presence of defects in
the vicinity of this voxel point;

(4) Assign a value of 2 to all voxels in the 3D defect detection
model that have a value of 1 in this step.

This paper uses the above 3D connectivity analysis algorithm
to make an automated labeling tool, which is used to check for
possible defects in structures.

The pink voxels in Fig. 3 indicate the possible defective regions
given by the automated labeling tool, the purple voxels indicate
the defective areas given manually, and the blue voxels indicate
the normal structures. In Fig. 3(a) and (b), there are no purple
voxels, meaning that defects in this model can be labeled using
the automated labeling tool. In contrast, Fig. 3(c) and (d) show
that the purple voxels labeled manually appear in the structure
much more than those labeled by the automated labeling tool.
The results indicate that the automated labeling tool can only
accurately label simpler defective structures, such as those shown
in Fig. 3(b), but cannot correctly label more complex defects,
like those in Fig. 3(d). Fig. 4 shows the defective structures in
Fig. 3(d) that the automated labeling tool did not detect. As can be
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Fig. 5. Holistic framework of defect detection and repair algorithm.

Table 1
Data distribution of a three-dimensional structural dataset.
Data Label Amount
Original data Background voxel 3730980
Normal voxel 253020
Labeled data Background voxel 3730980
Normal voxel 248718
Defect voxel 4302

seen from the figure, the defective structure consists of multiple
voxels side by side, with more than one voxel connected around
a defective voxel in the form of facet connections. Therefore, the
automated labeling tool did not detect defects. Although the au-
tomated labeling tool mentioned above can reduce the workload
of manual labeling, it still requires manual improvement of the
labeling quality and cannot achieve fully automated detection.
Therefore, in this paper, we supplement the automated labeling
tool for detecting defects with manual detection to ensure that all
defective structures are labeled, effectively improving the quality
of data labeling.

The data distribution of the produced dataset is shown in Ta-
ble 1. In the table, Original data represents the density with only
two value distributions of 0 and 1. Here, O represents the back-
ground voxels, and 1 represents the solid voxels. Labeled Data
includes three distributions of 0, 1, and 2. The meaning of 0 is the
same as the original data, while 1 represents the normal voxels
and 2 represents the defective voxels. The Table 1 shows that the
dataset exhibits a significant data imbalance, with fewer defective
voxels than background and normal voxels. This imbalance may
result in predicting defective voxels as background or normal
structural voxels during deep network training. To solve this
problem, data balancing operations must be performed on the
network during training.

3. Methods

This section describes the method for detecting defects in 3D
voxel structures and the strategy for repairing them. Section 3.1
describes the 3D multilayer fully convolutional network used for
defect detection, and Section 3.2 describes the strategy used for
defect repair. The overall experiment flow is shown in Fig. 5.

3.1. Defect detection model algorithm

3.1.1. 3D hierarchical fully convolutional network

Since the beginning of the 21st century, researchers repre-
sented by Hinton et al. [22] introduced the concept of deep learn-
ing, and it has made significant progress in target recognition,
natural language processing, and semantic segmentation [23].

Among them, FCN [24] is very widely used deep learning net-
work for image semantic segmentation. The model replaces fully
connected layers with upsampling and transposed convolutional
layers with spatial translation invariance. It also includes a skip
connection structure that connects global and local information.
The encoder module applies convolutional downsampling to ex-
tract high-level abstract features from the data. The decoder then
up-samples the feature map output from the encoder through a
series of up-sampling and transposed convolutional layers to re-
store the feature map to the size of the input image. This process
enables classification prediction for each pixel while preserving
the spatial information in the original input image. The U-Net
model [25] and the SegNet models [26] are typical representatives
and have achieved outstanding success in video segmentation,
medical image segmentation, etc.

Additionally, the attention mechanism is a crucial technique
for enhancing the generalization performance of neural networks.
It is widely utilized in various deep-learning tasks, including nat-
ural language processing, image recognition, and speech recog-
nition. The attention mechanism aims to simulate the selective
visual attention mechanism of humans. It focuses the model’s
attention on a specific part of the input data, selecting critical
information for the current task goal while suppressing noise.
This improves the model’s ability to process and utilize critical
information. As the sample’s defects are only a small portion
of the overall structure, using a network layer that is too deep
can result in a loss of spatial detail information. It is essential
to maintain a balance between depth and detail. Therefore, we
proposed a 3D Hierarchical Fully Convolutional Network (3D-
HIER FCN) with a 4-layer encoder-decoder structure, and the
skip connection structure is presented in Fig. 6. The downsam-
pling process provides high-level semantic information, while the
upsampling process combines spatial structural details through
the skip connection structure to obtain more accurate spatial
structural information.

3.1.2. Cost function

Table 1 shows the data distribution for the topology optimiza-
tion dataset. The number of voxels representing the background,
normal, and defective structures is obviously imbalanced. The
number of normal and defective structure voxels only accounts
for 6. 24% and 0. 11% of the total number, respectively. This
imbalance affects the accuracy of segmentation. To accurately
identify a small number of defects, we use the class-balanced loss
(CB loss) and the dice loss to compose a weighted loss function,
CBD loss, for defect detection segmentation. The class-balanced
Loss function rebalances the dataset by utilizing the effective
number of samples in each class. The effective number of samples
is calculated as shown in Eq. (2).

T—A"1  1—a4+a—A" 1"

= 2
1-A 1-A 1—A @)

E,=14+A
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Fig. 6. 3D-HIER FCN for defect detection.

where n is the number of samples corresponding to each cate-
gory, the hyperparameter A € [0, 1). The above equation shows
that the effective number of samples is an exponential function
of the number of samples n, and A controls how quickly E, grows
with n.

After obtaining effective sample weights for each class, the
computational formula for the class balance loss function can
be determined based on the weights. Given a sample with label
y, the softmax cross-entropy loss function for that sample is
denoted as
CEsoftmax(z’ y) = (3)

Suppose class y has n, training samples, and the class equilib-
rium loss function is denoted as

1—x exp(zy)
LOSSCB(Za y) = - log( C -
>, exp(z)

1—A"Y
Dice loss is a regionally correlated loss function, where the
loss of the current voxel is associated not only with the predicted
value of the current voxel point but also with other voxel points.
Utilizing this characteristic can enhance the network’s ability to
recognize inter-voxel relationships in 3D structures. The formula
for calculating Dice loss is defined as

N
Losspice(z,y) = 1 — Z Z

From this, the loss function formula for CB Dice Loss can be
obtained as

(4)

2piyii + v

(5)
pi+yi+vy

Losscpg = aLosscg + BLOSSpice (6)

where « and B are the hyperparameters controlling the weights
of CB loss and Dice loss in the overall loss function. According to
many experiments, it is determined that « = 0.8; 8 = 1 is the
best hyperparameter value.

The above loss function combines CB Loss and Dice Loss to
enhance the network’s focus on small samples and gain more
insight into the structure of samples. This paper uses CBD Loss
in the 3D hierarchical fully convolutional network for defect
detection, effectively enhancing the network’s detection accuracy.

3.2. Repair strategy

After completing defect detection for the structure and ver-
ifying the effectiveness of the proposed 3D hierarchical fully
convolutional network, an attempt is made to repair the structure
based on the results predicted by the neural network.

Automated repair methods for structures are currently lack-
ing in the industry. Typically, repair is done manually in finite

Table 2
Comparison experiment results of defect detection.
Algorithms Dim mPrecision mRecall mloU
Automated labeling tool - 80.32% 83.77% 69.51%
2D FCN X 89.22% 89.77% 79.53%
Y 83.02% 85.06% 72.46%
z 85.86% 92.34% 80.15%
3D-HIER FCN - 89.88% 95.59% 86.31%

element analysis software like ANSYS. However, this method can
only repair 2D structures. This paper uses the distance analysis
method to calculate the distance from the neighborhood voxels
in the 3 x 3 x 3 neighborhood to the center voxel, using the
center voxel as the starting point. The neighborhood voxels are
then classified into three categories based on the distance size.
The distance between the first class of voxels and the center
voxel is denoted as 1, which represents the face connection voxel
and is noted as the Neighborhood Distance-1 method (ND-1). The
distance between the second class of voxels and the center voxel
is denoted as +/2, representing the edge connection voxel, and
is marked as the ND-+/2 method. Lastly, the distance between
the third class of voxels and the center voxel is denoted as +/3,
representing the point-connecting voxel, and is noted as the ND-
+/3 method. Defects are repaired using different combinations of
these three types of voxels.

4. Experiments
4.1. Experimental setup and metrics

For the defect detection experiments, data enhancement op-
erations were performed due to the small number of the dataset
and the weak rotational invariance of the convolutional network.
The samples are rotated around the X, Y, and Z axes by 90°, 180°,
and 270° to obtain the augmented dataset. The dataset is divided
into training and validation sets in an 8:2 ratio, resulting in 266
training samples, 50 validation samples, and 20 test samples.

The network architecture was implemented using PyTorch
2.0.1 and Python version 3.8.18. The training was performed on
the NVIDIA GeForce RTX3090 (24G) platform using Adam as an
optimizer with a learning rate of 1 x 107, The size of a single
input data sample is 20 x 60 x 20. The batch size was set to 32
for the training set and 10 for the validation set, resulting in a
total of 5000 epochs.

The evaluation metrics for the three categories, background,
normal, and defective structures, are recorded separately when
different training methods are used. The corresponding metrics
of the three categories are then averaged and recorded in Table 2.

c

1

c Z eval” (7)
y=0

meval =
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where meval is the average value of a particular evaluation
metric; C is the number of categories in the sample; and eval®),
is the value of the evaluation metric predicted by the network for
a particular category.

4.2. Defect detection

The proposed 3D hierarchical fully convolutional network is
used to evaluate the ability to detect defects in the data-enhanced
dataset. Meanwhile, this paper compares the detection results
of the automated labeling tool and the 2D fully convolutional
network with the method proposed in this paper. The advantages
and disadvantages of the three methods in detecting defects are
analyzed to validate the effectiveness of the proposed method.

The previous section has already described the principle of the
automated labeling tool, so it will not be repeated here. For the 2D
fully convolutional network, structural samples are first divided
into 2D slices along the X, Y, and Z axes in step of 1. These slices
are then used as new 2D training and test datasets. The number
of training and test samples generated by cutting along the X and
Z directions equals 3320 and 120, respectively. Similarly, cutting
along the Y direction generates 9960 training samples and 360
test samples. During training, a 2D fully convolutional network is
used to detect defects in each dimension individually. The neural
network is trained on a set of training and test samples that are
cut along a particular dimension. Table 2 shows the results of
comparing the metrics of the three methods.

Due to the high proportion of background and normal voxels
in the dataset, the three methods predicted these two types
with similar precision and recall metrics of over 95%. Thus, the
variations in the average evaluation metrics shown in the table
are mainly due to the different results of the methods to predict
defects. Table 2 shows that the automated labeling tool has the
lowest precision and recall for defect detection and the worst seg-
mentation effect. The 2D fully convolutional network has a higher
recall and precision than the first method. However, the structure
must be sliced into three independent datasets along each di-
mension and trained separately to recognize defective structures.
This process can be a heavy workload and inefficient. The method
proposed in this paper has a slightly higher precision than the 2D
fully convolutional network while significantly improving recall
compared to other methods. Additionally, it eliminates the need
to cut 3D structures into separate 2D datasets, reducing work-
load while maintaining a high defect detection rate and enabling
efficient recognition of defects.

Fig. 7 illustrates the defect detection results of the 3D hier-
archical fully convolutional network for various structures gener-
ated by topology optimization. Fig. 7(a) displays the Ground Truth
of the defects, where blue voxels represent the normal struc-
tures, and purple voxels represent the labeled defective structure.
Fig. 7(b) shows the predicted results of the defect detection net-
work. Yellow voxels indicate the possible defects predicted by the
network. The comparison results in Fig. 7 indicate that most of the
defects, which were predicted using the method proposed in this
paper, break when converted to STL models. This indicates that
the constructed 3D hierarchical fully convolutional network has
the ability to detect defects for structures generated by topology
optimization.

4.3. Comparison of different repair strategies

The experiments above confirm the effectiveness of the pro-
posed 3D hierarchical fully convolutional network. The network
provides defect detection results for the structure. This section
creates a defect voxel lookup table by using the coordinates of
the defect voxels in the detection results. Then, we attempt to
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Table 3
Indicators of defect repair methods.
Repair method Secondary Number of
detection rate voxels added
ND-v/3 0 216
ND-v/2 0 168
ND-1 1.762% 72

repair the structure using the three methods proposed in the
previous section. After the repairs were completed, the secondary
defect detection rates for each of the three repair methods were
calculated separately. The results are presented in Fig. 8.

The secondary detection rates of defects for the three methods
are shown in Table 3.

Based on the analysis of structural restoration results and
secondary detection rates, when the defect detection network
accurately predicts the defects of the model, the ND-+/3 and ND-
v/2 methods are capable of fully restoring the defects with a
secondary detection rate of 0. However, unlike the two repair
methods mentioned above, the ND-1 method may introduce new
defects while repairing existing ones. Additionally, samples re-
paired using this method had a secondary defect detection rate
of 1.762%. It is essential to consider these potential drawbacks
when deciding on a repair method. When comparing the repair
effects of the three methods, the number of voxels added to the
sample decreases as the neighborhood distance decreases and
the damage to the original structure gradually decreases. The
results of Fig. 8(c) show that the repaired structure can effectively
support the structure, and the ND-+/2 method effectively reduces
shape changes by adding the right amount of voxels. Therefore,
based on the above indicators, the ND-+/2 method is considered
optimal for repairing the defects.

4.4. Ablation study on receptive field

This section conducts ablation experiments to verify the effect
of spatial structure information in the structure on the network’s
defect detection capability. The encoder-decoder network struc-
ture is replaced with a traditional fully convolutional network
(FCN) to detect defects. This change may reduce the ability of
the network to acquire contextual information. Meanwhile, de-
fect detection experiments were conducted by setting different
sizes of convolutional kernels to compare the network’s ability
to detect defects under different sensory fields. The network’s
convolutional kernel sizes were set to 3, 5, 7, 9, and 11 in the
experiments. Fig. 9 displays the results of the FCN receptive field
experimental network.

The red and blue dashed lines in Fig. 9 represent the precision
and recall metrics when training with the 3D hierarchical fully
convolutional network, respectively. The solid lines represent the
corresponding metrics when FCN detects defects with different
convolution sizes.

Comparing the dashed and solid lines shows that without
using an encoder-decoder architecture to improve the network’s
ability to capture contextual information, the FCN network’s de-
tection results for the three types of voxels are significantly
degraded. These results demonstrate that the detection accuracy
and precision of the network can be effectively improved by using
a hierarchical network.

Additionally, the solid line shows that the detection accuracy
of FCN increases from 79.10% to 81.34% when the convolutional
kernel size is increased from 3 to 5. At the convolutional kernel
size of 5, the number of background and normal voxels in the
receptive field is reasonably increased, reducing the network’s
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Fig. 7. Comparison of 3D-HIER FCN experimental results. (a) Ground Truth. (b) Results predicted by the 3D-HIER FCN for defect detection.
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Fig. 8. Comparison of experimental results of different repair strategies. (a) Primitive and repaired voxel structure. (b) STL models. (c) Finite element analysis results
of the stl models. The original model is presented in the first column, while columns 2, 3, and 4 show the structures that were repaired by ND-1, ND-+/2, and

ND-+/3 methods.

tendency to predict both types of voxels as defects, thus improv-
ing accuracy. However, the increase in the number of both types
of voxels also increased the network’s prediction error rate for
defects. As a result, the recall metric decreased slightly.

As the convolutional kernel continuously increases, the infor-
mation extracted in the receptive field of the network gradually
expands with each convolution. However, the precision and re-
call of the network segmentation decreases significantly due to
the need for a hierarchical structure providing contextual de-
tails to support the localization of the extracted features during
upsampling. Consequently, the network struggles to effectively
complete the defect detection task for structures generated by
topology optimization.

5. Conclusion

In this paper, we introduce deep learning into the postprocess-
ing of topology optimization simulation results for the first time

in the industry. We also verify the feasibility of combining artifi-
cial intelligence methods with automated computer design meth-
ods to accomplish structure optimization design. Specifically, we
first propose a 3D voxel labeling tool based on neighborhood
analysis and use it to produce the first topology optimization
dataset generated by topology optimization that can be used
for neural network training; then, we propose a 3D hierarchi-
cal fully convolutional network to detect defects in structures
generated by topology optimization, which achieves effective de-
tection of defective structures. Finally, we propose three defect
repair methods based on neighborhood distance analysis for the
defect detection results obtained by the network, which initially
realizes the repair of defects in structures generated by topology
optimization.

With the popularity of topology optimization technology in
the design of structural components of surgical robots, the
method proposed in this paper can accurately detect and repair
structural components when they are defective, thus reducing the
workload of manual repair, improving the efficiency of automated
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Fig. 9. Results of FCN experiments with different receptive fields.

design of structural components for surgical robots, and meeting
the demand for customization. However, the annotation quality
of the labeling tool and the sample size of the dataset still need
to be improved, as well as the repairing effect of the repairing
algorithm. Therefore, in our future work, we will improve the
annotation quality of the automated labeling tool and increase
the sample size of the dataset. At the same time, we will add the
defect detection results into the topology optimization objective
function to reduce defective structure generation directly in the
topology optimization process.
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