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Abstract: Currently, numerous automatic fabric defect detection
algorithms have been proposed. Traditional machine vision algo‐
rithms that set separate parameters for different textures and de‐
fects rely on the manual design of corresponding features to com‐
plete the detection. To overcome the limitations of traditional algo‐
rithms, deep learning-based correlative algorithms can extract
more complex image features and perform better in image classifi‐
cation and object detection. A pixel-level defect segmentation
methodology using DeepLabv3+ , a classical semantic segmenta‐
tion network, is proposed in this paper. Based on ResNet-18,
ResNet-50 and Mobilenetv2, three DeepLabv3+ networks are con‐
structed, which are trained and tested from data sets produced by
capturing or publicizing images. The experimental results show
that the performance of three DeepLabv3+ networks is close to
one another on the four indicators proposed (Precision, Recall, F1-
score and Accuracy), proving them to achieve defect detection
and semantic segmentation, which provide new ideas and techni‐
cal support for fabric defect detection.
Key words: fabric defect detection; semantic segmentation;
deep learning; DeepLabv3+
CLC number：TP 399

0 Introduction

The textile industry is significant to China  s eco‐

nomic and social development. Research has shown that

defects typically lead to a 45%-60% decrease in the

price of fabric[1], so fabric defect detection is an essential

process in textile production. Currently, the textile indus‐

try still focuses on manual defect detection, whose accu‐

racy is affected by subjective factors and lacks consis‐

tency[2]. With the development of computer vision and re‐

lated technologies in recent years, numerous automatic

fabric defect detection algorithms have been proposed to

reduce the detection cost, improve detection efficiency,

and further overcome the shortcomings of false detec‐

tion[3]. These algorithms are divided into traditional com‐

pute vision algorithms and deep learning-based algo‐

rithms, of which the former has always the following dis‐

advantages: Spatial domain statistics-based methods

have a poor overall image analysis effect and are suscep‐

tible to noise interference[4, 5]; The frequency domain-

based methods combine the general and local informa‐

tion of the image, but the detection effect of complex

textures is poor[6,7]; Model-based algorithms can describe

fabric textures well, but the calculation volume is large

and the detection rate of more minor defects is low[8,9].

Compared with the traditional algorithm, the deep

learning method based on Convolutional Neural Net‐

work (CNN) can extract the complex features of images

better, thus achieving better results in image classifica‐

tion and target detection. Therefore, many neural net‐

work models are introduced into fabric defect detection
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to overcome the limitations of traditional detection. Zhu
et al[10] proposed a deep learning model for edge comput‐
ing, reducing data transmission latency. By modifying
the structure of DenseNet, it is more suitable for
resource-constrained scenarios and optimizes cross-loss
functions to better evaluate the proposed model; Xie et
al[11] proposed a fabric defect detection method based on
improved RefineDet, which improved defect location ac‐
curacy through the entire convolution channel attention
block; Hu et al[12] proposed a fabric defect detection
method based on Deep Convolution Generative Adver‐
sarial Network (DCGAN) and introduced a new encoder
component to form a reconstruction network. The re‐
sidual map was generated based on the original image
and reconstruction in the testing stage. The residual map
and the likelihood map generated by the model were
then synthesized together to form an enhanced fusion
map for defect segmentation; Jun et al[13] proposed a
deep convolution neural network (DCNN) to improve
the detection accuracy of the model by combining local
defect prediction and global defect recognition; El‐
emmi et al[14] proposed a model based on MobileNet and
Deep Residual Network for classifying defective and
non-defective fabric images, which used morphological
and feedback selection feature reduction algorithms to
obtain significant features during image analysis.

Semantic segmentation combines object classifica‐
tion, object detection and image segmentation, which
overcomes the limitation that the network cannot accu‐
rately recognize the target contour. It assigns specific la‐
bels to different image regions and eventually obtains
segmented images with pixel-level semantic annota‐
tions. In fabric defect detection, semantic segmentation
can provide reliable feature information for images,
which is of great significance for processing subsequent
visual tasks. Liu et al[15] detected fabric defects with
single backgrounds based on an improved U-Net net‐
work, but it was not suitable for complex backgrounds;
Liu et al[16] proposed a fabric defect detection framework
based on the Generic Adversary Network (GAN).
Through a multi-level GAN network, existing fabric de‐
fects can be automatically adapted to different textures,
thus data sets can be formed by synthesizing defects on
unblemished samples to solve the problems of data set
scarcity and high annotation cost. The semantic segmen‐
tation network DeepLabv3 can detect defects in different
textures by training the semantic segmentation network
based on existing defect samples and the GAN network.

This semantic segmentation network can detect multi-
scale defects and can be fine-tuned to adapt the newly
generated sample. Still, the effect of detecting large-area
defects was not practical.

The research based on deep learning improves the
universality of the model and makes up for the shortcom‐
ings of traditional algorithms[17]. Semantic segmentation
combines many advantages of deep learning in defect de‐
tection and has made certain academic achievements af‐
ter introducing fabric inspection[15,16]. However, there has
been no relevant research on the performance effect of
DeepLabv3+ architecture with different backbone net‐
works in this field. While filling the research gap, it is
noted that large and well-annotated data sets are re‐
quired to train and test the model, so the pre-trained
DCNN is used as the backbone in this paper.

Based on semantic segmentation and fabric defect
detection, the main research contents of this paper are as
follows: 1) The classical semantic segmentation network
DeepLabv3+ is applied to fabric defect detection to real‐
ize pixel-level defect segmentation. 2) Image acquisition
and web-based public image produce data sets for the
training and evaluating models. 3) To further evaluate
the performance differences of DeepLabv3+ models
based on different backbone networks, Mobilenetv2,
ResNet-18, and ResNet-50 feature extraction networks
are used to build models for comparative experiments.
The impact of different networks on the segmentation ef‐
fect is also analyzed in detail.

The rest of this paper is as follows: In Section 1,
the DeepLabv3+ network model and three different
backbone network models are introduced; In Section 2,
the production of data sets, the evaluation criteria of
models and the specific data analysis of experiments are
presented; In Section 3, the main conclusions are re‐
viewed. Future research trends for semantic segmenta‐
tion networks in fabric defect detection and other fields
are also discussed.

1 Methodology

DeepLabv3+, one of the most effective models for
semantic segmentation tasks, absorbs the advantages of
Depthwise Separable Convolution (DSConv), Atrous
Spatial Pyramid Pooling (ASPP), and Encoder-Decoder
structure in the Deeplab series algorithms, which
achieves 89.0% and 82.1% performance on the PASCAL
VOC 2012 and Cityscape test sets[18], respectively. Based

540



ZHU Runhu et al: Semantic Segmentation Using DeepLabv3+ Model for …

on the DeepLabv3+ semantic segmentation network, a
pixel-level defect segmentation algorithm is proposed in
this paper, the architecture of which is shown in Fig. 1.
The data set is formed according to captured images and
publicly available images for training or testing the
model.

The input of the model is the color fabric image
and the output is the segmentation result with the pixel-
level semantic label mask. ResNet-18, ResNet-50, and
Mobilenetv2 are three DCNN that can be used as back‐
bone networks to construct DeepLabv3+ semantic seg‐
mentation networks.

1.1 Model Architecture Details

DeepLabv1[19] has the atrous convolution with a
larger convolution core or a greater receptive field,
which aims to solve problems such as the loss of de‐
tailed information in downsampled. It uses a convolu‐
tion layer to replace the fully connected layer of VGG16
and processes the details of segmentation results with
the fully connected Conditional Random Field (CRF).
DeepIabv2[20] changes the feature extraction network
from VGG16 to ResNet and proposes an Atrous Spatial
Pyramidal Pooling (ASPP) module. Multiscale feature
fusion is achieved by cascading convolution layers with
different atrous rates and the segmentation results are
still processed by fully connected CRF. DeepLabv3[21]

improved the ASPP module (ASPP+ ) by cascading or

parallel layers of Batch Normalization (BN) and atrous
convolution with different sampling rates, which
achieves better results without CRF; In 2018, Chen et
al[18] proposed a faster efficient semantic segmentation
network DeepLabv3+ based on DeepLabv1-v3, which
used the Xception model as a feature extraction network
and retained the ASPP+ module to solve the target multi-
scale problem. The classical Encoder-Decoder structure
was also adopted. Specifically, the encoding network
used DeepLabv3 to obtain rich semantic information and
the decoding network obtained clear object boundaries.
The use of Depthwise Separable Convolution reduced
network parameters and greatly improved network
speed. Table 1 summarizes the improvement process of
the DeepLab series model.

Fig. 1 The overall architecture of the proposed method

Table 1 Improvement process from DeepLabv1 to DeepLabv3+

Module

Feature extraction

Atrous convolution

CRF

ASPP

Encoder-Decoder

DeepLabv1

VGG16

√
√
×

×

DeepIabv2

ResNet

√
√

ASPP

×

DeepLabv3

ResNet+

√
×

ASPP+

×

DeepLabv3+

Xception

√
×

ASPP+

√
Note: √ and × indicate that this network owns or does not own the module, respectively
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Compared with conventional convolution,the great‐
est advantage of Depthwise Separable Convolution is
high computational efficiency, which consists of two pro‐
cesses: Depthwise Convolution and Pointwise Convolu‐
tion[22]. In Depthwise Convolution, one convolution kernel
is responsible for one channel, while one channel is also

convolved by only one convolution kernel. The number of
channels output in this process is consistent with the num‐
ber of channels input. Pointwise Convolution recovers
lost cross-channel information, thus Fig. 2 compares dif‐
ferent convolutions by the input of a three-channel image
and the output of a four-channel feature map.

Atrous convolution controls the receptive field by

filling 0 between two adjacent values in the convolution

kernel, which can extract multi-scale information with‐

out changing the feature map size[23]. The Atrous Spatial

Pyramid Pooling used in Deeplabv3 and Deeplabv3+

networks to extract semantic information at different

resolutions consists of a 1×1 convolution layer, three 3×

3 atrous convolutions and a global average pooling

layer. Figure 3 shows a sample of Atrous Spatial Pyra‐

mid Pooling with rate 1,2,3.

DeepLabv3+ introduces the Encoder-Decoder archi‐

tecture to improve network speed. In the Encoder sec‐

tion, the input image is extracted by a deep convolution

backbone network. After that, the multiscale features are

extracted by four downsamplings through parallel convo‐

lution layers, three atrous convolution layers with differ‐
ent rates and pooling layers. The number of channels in
the feature layer is adjusted to 256 by splicing the multi‐
scale features and connecting them to a 1×1 convolution
layer. In the Decoder section, the number of channels is
adjusted to 48 through two downsamplings using a 1×1
convolution. After a module with the upsampling rate of
4, the output is the same size as the input. The loss func‐
tion uses Cross Entropy Loss, which is the most widely
used in semantic segmentation. The prediction value of
pixels is compared with the target value of pixels one by
one and then the average value of all pixels is obtained,
which is defined by Eq. (1).

Loss =-∑
C = 1

n

yC log ( pC ) (1)
where n represents the number of categories. yC is 1 if

the prediction is the same as the true value, or 0 if it is
not; pC indicates the prediction probability that the ob‐

served sample belongs to category C.

1.2 ResNet

The more layers of deep learning networks are, the

more vulnerable their performance is to gradient disap‐

pearance, gradient explosion and degradation. He et al[24]

proposed ResNet, which solved the gradient problem by

Fig. 2 Workflow comparison between two convolution methods

Fig. 3 Atrous Spatial Pyramid Pooling (rate = 1, 2, 3)
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data preprocessing and alleviated the degradation prob‐
lem by introducing the residual structure. The ResNet
consists of three parts: The first part extracts the global
features of the input image through a 7×7 convolution
layer and a 3×3 maximum pool layer; The second part
stacks multiple Resner-blocks with different specifica‐

tions to learn global features further; The third part fur‐
ther processes the residual module data through a global
average pooling layer and a fixed output full connection
(FC) layer. Then, output results are converted by the
softmax function. The network architecture of ResNet is
shown in Table 2.

ResNet-18 corresponds to the "18-layer" in Table 2,
consisting of 17 convolution layers and one Full FC
layer. The Resner-block is the BasicBlock architecture.
The Conv Block that changes the dimensions of network
data is selected when the input and output dimensions
are different. Otherwise, the Identity Block that in‐
creases the number of network layers is selected. Basic-
block contains two 3×3 convolution layers. The first con‐
nects a Batch Normalization (BatchNorm) layer and a
ReLU activation function. The second only connects a
BatchNorm layer. ResNet-50 corresponds to the "50-
layer" in Table 2, consisting of 49 convolution layers
and one FC layer. For ResNet with more than 50 layers,
the Resner-block is the Bottleneck architecture, which is
structured in a similar way to the BasicBlock. To reduce
network parameters, the dimension of residual data is de‐
creased to extract features and then increased to restore.
The structure of two Resner-blocks is shown in Fig. 4.

1.3 Mobilenetv2

MobileNetv2 is a lightweight neural network im‐

proved on MobileNetv1, which follows the v1 version s
deep separable convolution structure. It adds Linear

Bottleneck and Inverted Residuals structures. The activa‐

tion function is also changed from ReLU to ReLU6 to ef‐

fectively reduce the loss of low-dimensional feature in‐

formation[25]. Table 3 lists the parameters included in the

MobileNetv2 network. t is the extension factor; c is the

depth of the output characteristic matrix; n is the number

of cycles of the Inverted Residual; s is the first step of

each block and all convolution kernel size is 3×3; k is

the depth of the input feature matrix.

Depthwise convolution layer extracting features is

limited by input feature dimensions. With the classical

residual structure in ResNet, fewer features are extracted

after a 1×1 Pointwise Convolution and Depthwise Con‐

volution. Therefore, MobileNetv2 first expands the fea‐

ture map channel through the 1×1 Pointwise Convolu‐

tion to enrich the number of features and improve accu‐

racy. 3×3 Depthwise Convolution followed extracts fea‐
tures, then 1×1 Pointwise Convolution decreases dimen‐

Table 2 The network architecture of ResNet

Layer name

conv1

conv2_x

conv3_x

conv4_x

conv5_x

Others

FLOPs

Output size

112×112

56×56

28×28

14×14

7×7

1×1

18-layer

7×7, 64, stride 2

3×3 max pool, stride 2

é

ë
êêêê

ù

û
úúúú

3 ´ 3 64

3 ´ 3 64
´ 2

é

ë
êêêê

ù

û
úúúú

3 ´ 3 128

3 ´ 3 128
´ 2

é

ë
êêêê

ù

û
úúúú

3 ´ 3 256

3 ´ 3 256
´ 2

é

ë
êêêê

ù

û
úúúú

3 ´ 3512

3 ´ 3512
´ 2

Average pool, 1000-d FC, softmax

1.8×109

34-layer

é

ë
êêêê

ù

û
úúúú

3 ´ 3 64

3 ´ 3 64
´ 3

é

ë
êêêê

ù

û
úúúú

3 ´ 3 128

3 ´ 3 128
´ 4

é

ë
êêêê

ù

û
úúúú

3 ´ 3 256

3 ´ 3 256
´ 6

é

ë
êêêê

ù

û
úúúú

3 ´ 3512

3 ´ 3512
´ 3

3.6×109

50-layer

é

ë

ê

ê
êê
ê

ê ù

û

ú

ú
úú
ú

ú1 ´ 1 64

3 ´ 3 64

1 ´ 1 256

´ 3

é

ë

ê

ê
êê
ê

ê ù

û

ú

ú
úú
ú

ú1 ´ 1 128

3 ´ 3 128

1 ´ 1 512

´ 4

é

ë

ê

ê
êê
ê

ê ù

û

ú

ú
úú
ú

ú1 ´ 1 256

3 ´ 3 256

1 ´ 1 1024

´ 6

é

ë

ê

ê
êê
ê

ê ù

û

ú

ú
úú
ú

ú1 ´ 1512

3 ´ 3512

1 ´ 12048

´ 3

3.8×109

101-layer

é

ë

ê

ê
êê
ê

ê ù

û

ú

ú
úú
ú

ú1 ´ 1 64

3 ´ 3 64

1 ´ 1 256

´ 3

é

ë

ê

ê
êê
ê

ê ù

û

ú

ú
úú
ú

ú1 ´ 1 128

3 ´ 3 128

1 ´ 1 512

´ 4

é

ë

ê

ê
êê
ê

ê ù

û

ú

ú
úú
ú

ú1 ´ 1 256

3 ´ 3 256

1 ´ 1 1024

´ 23

é

ë

ê

ê
êê
ê

ê ù

û

ú

ú
úú
ú

ú1 ´ 1 512

3 ´ 3 512

1 ´ 1 2048

´ 3

7.6×109

152-layer

é

ë

ê

ê
êê
ê

ê ù

û

ú

ú
úú
ú

ú1 ´ 1 64

3 ´ 3 64

1 ´ 1 256

´ 3

é

ë

ê

ê
êê
ê

ê ù

û

ú

ú
úú
ú

ú1 ´ 1 128

3 ´ 3 128

1 ´ 1 512

´ 8

é

ë

ê

ê
êê
ê

ê ù

û

ú

ú
úú
ú

ú1 ´ 1256

3 ´ 3256

1 ´ 11024

´ 36

é

ë

ê

ê
êê
ê

ê ù

û

ú

ú
úú
ú

ú1 ´ 1 512

3 ´ 3 512

1 ´ 1 2048

´ 3

11.3×109
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sion. This process is reversed with the order of the re‐

siduals, as shown in Fig. 5. Shortcut branching occurs

only when the step is one and the input and output di‐

mensions are the same.

2 Experiments and Results

Based on the classic semantic segmentation net‐

work DeepLabv3+, a pixel-level defect segmentation al‐

gorithm is designed and implemented in this paper. To

further evaluate the performance difference between

ResNet-18, ResNet-50, and Mobilenetv2 as backbone

networks, the data sets are established to train and test

three different networks. Five evaluation metrics (Preci‐

sion, Recall, F1-score, Accuracy, and Reference time)

are proposed to quantitatively analyze the segmentation

Fig. 4 The architectures of BasicBlock and Bottleneck

Table 3 MobileNetv2 Network parameters

Input

2242×3

1122×32

1122×16

562×24

282×32

142×64

142×96

72×160

72×320

72×1280

1×1×1280

Operator

conv2d

bottleneck

bottleneck

bottleneck

bottleneck

bottleneck

bottleneck

bottleneck

conv2d 1×1

avgpool 7×7

conv2d 1×1

t

—

1

6

6

6

6

6

6

—

—

—

c

32

16

24

32

64

96

160

320

1 280

—

k

n

1

1

2

3

4

3

3

1

1

1

—

s

2

1

2

2

2

1

2

1

1

—

—
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results of test sets.

2.1 Experimental Setup

Figure 6 shows that a digital image acquisition sys‐

tem designed to establish the data set for experiments

consists of a personal computer, frame grabber, camera,

light source, tripod and platform controlled by the mo‐

tor. The training model requires a large amount of data,

so selecting the fabric defect image published on the net‐

work is necessary to expand the data set. Three thousand

images from two sources contain four defects: Contain‐

ing Yarn, Knot, Oil Stain and Cracked Ends. The resolu‐

tion of all images in the data set is uniformly adjusted to

300×300 by the "imresize" function. The data set is di‐

vided into the training set and the test set according to

the number of images 4: 1, which are 2 400 and 600,

respectively. All images in the data set are manually la‐

belled with the ground-truth through the "Image La‐

beler". In the network training, more samples are pro‐

vided by data augmentation operations.

In this study, ResNet-18, ResNet-50 and Mobile‐

netv2 pre-trained by large data sets are used to construct

three different DeepLabv3+ semantic segmentation net‐

works, respectively. All experiments are based on

MATLAB@2022a platform functions such as "Deep

Learning Toolbox", "Computer Vision Toolbox", etc.

The hardware used in the experiment and the parameter

settings are shown in Table 4.

2.2 Evaluation Indicators

In the experiment, the input image pixels are di‐

vided into two categories, defect and background, to gen‐

erate the output predicted image. Therefore, the related

concepts in the confusion matrix are introduced as basic

indicators: TP (True Positivity) indicates defect pixels
successfully detected; FP (False Positivity) indicates de‐

fect pixels that have not been successfully detected; TN

(True Negative) indicates background pixels success‐

fully detected; FN (False Negative) indicates back‐

ground pixels that cannot be successfully detected.

"Precision" indicates the proportion of all positive

predictions that are correctly predicted. "Recall" indi‐

cates the proportion of all actual positive predictions that

Fig. 5 The architecture of inverted residual

Fig. 6 Image acquisition system for fabric defect detection

Table 4 Experimental environment and parameter settings

Experimental environment

Operating system

GPU

CPU

RAM

Platform

Windows10

NVIDIA GTX 3070 8G

AMD 5800H 3.2GHz

16 GB

MATLAB@2022a

Parameter setting

Batch size

Epoch

Initial learning rate

Weight decay

Gradient descent algorithm

8

100

0.000 1

0.000 5

Adam
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are correct. F1-score represents the harmonic average of

"Precision" and "Recall", which can balance the impact

of "Precision" and "Recall" for a more comprehensive

evaluation. "Accuracy" represents the proportion of the

correct number of pixels in the prediction category to the

total number of pixels. These four evaluating indicators

are given by Eqs. (2)-(5).

Precision =
TP

TP + FP
(2)

Recall =
TP

TP + FN
(3)

F1 - score =
2 ´ Precision ´Recall

Precision +Recall

=
2TP

2TP + FP + FN
(4)

Accuracy =
TP +TN

TP +TN + FP + FN
(5)

2.3 Results and Discussions

In this paper, three DeepLabv3+ semantic segmen‐

tation networks constructed by different backbone net‐

works are trained and evaluated for the performance on

the test set, respectively. Figure 7 shows the sample seg‐

mentation results including four kinds of defects, where
(a) for Containing Yarn, (b) for Knot, (c) for Oil Stain
and (d) for Cracked Ends. From the perspective of visual
evaluation, the performance of the three networks is
similar in some samples, such as B2-B4 and C2-C4 in
Fig. 7(d); When the background is simple, the defects
can be described well based on ResNet-50, such as A4 in
Fig. 7(a) and A4 in Fig. 7(c); When the shape of fabric
defects or image background is slightly complex, the
performance based on Mobilenetv2 is more prominent,
such as C2 in Fig. 7(a), A2 in Fig. 7(b); In some
samples, the description based on ResNet-18 is closer to
the natural shape of the fabric, such as C3 in Fig. 7(c).

Figure 8 shows each evaluation indicator value and
inference time of DeepLabv3+ semantic segmentation
networks constructed by three different backbone net‐
works. The values of three networks under the four
evaluation indicators are relatively close, but the infer‐
ence time is quite different. Mobilenetv2 as the back‐
bone network has the best evaluation on Precision, Re‐
call and F1-score.

The highest accuracy is achieved based on ResNet-

Fig. 7 Sample images

(a) Containing Yarn; (b) Knot; (c) Oil Stain (d) Cracked Ends
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50. The inference time based on ResNet-18 is the short‐
est. In general, the performance of the three networks is
similar and all accuracy rates are above 0.96, which
shows that the pixel-level segmentation of defects can
be achieved. However, ResNet-18 has fewer layers and
Mobilenetv2 is also a lightweight network, so the infer‐
ence time based on both is shorter than that based on
ResNet-50.

Table 5 shows the performance comparison of
some common algorithms for fabric defect detection. Al‐
gorithms ①-③ proposed in this paper are highlighted by

bold fonts, and algorithm ③ has the highest accuracy.
Algorithm ④ uses the Gray-Level Co-occurrence Matrix
(GLCM) to extract image features and segment defects
by K-means clustering. Algorithm ⑤ calculates the opti‐
mal Gabor filter based on the Genetic Algorithm (GA) to
detect defects. Algorithms ④ and ⑤ are traditional algo‐
rithms and algorithms ⑥-⑧ are common deep learning
segmentation networks. The results show that the detec‐
tion accuracy of the proposed algorithms in this paper is
higher than that of other common fabric defect detection
algorithms with research and application value.

3 Conclusion

This paper studies the classical semantic segmenta‐
tion network DeepLabv3+ and discusses its feasibility in

fabric defect detection. Thus, a pixel-level defect seg‐

mentation method based on DeepLabv3+ is proposed.

To further evaluate network performance, the Deep‐

Labv3+ are constructed by three different backbone net‐

Fig. 8 Indicator values and inference time of different backbone networks in DeepLabv3+
The unit of inference time represents the time required to process each image

Table 5 Detection accuracy comparison of the proposed algorithm

Serial Number

①①

②②

③③

④

⑤

⑥

⑦

⑧

Method

DeepLabv3+_ Mobilenetv2

DeepLabv3+_ ResNet-18

DeepLabv3+_ ResNet-50

GLCM + K-means

Gabor + GA

SegNet

UNet

FCN

Accuracy

0.961 7

0.961 5

0.963 2

0.874 3

0.927 4

0.938 6

0.941 5

0.957 7
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works, Mobilenetv2, ResNet-18, and ResNet-50, respec‐
tively. To meet the demand of the experimental data set,
a digital image acquisition system is designed and con‐
structed. Based on the collected images and network
public images, a data set is constructed for model train‐
ing and verification. The experimental results show that
the segmentation network based on Mobilenetv2 has the
highest Accuracy, Recall and F1 score values, which are
0.354 6, 0.995 9 and 0.509 2, respectively. The accuracy
based on ResNet-50 is the highest at 0.963 2. The infer‐
ence time based on ResNet-18 is the fastest, 0.472 7 s
(processing one image). The performance of three Deep‐
Labv3+ semantic segmentation networks on the four pro‐
posed segmentation evaluation indicators is relatively
close and the accuracies each are over 96%, so the pixel-
level segmentation based on DeepLabv3+ is feasible.

Since all data images are manually labelled, there is
inevitably an accuracy error. At the same time, hardware
and other devices have limitations, which further affect
the training and prediction of the model. In the future,
optimizing the quantity and quality of data sets will be‐
come the focus of work, and these improvements will be
more conducive to model fitting and result verification.
The framework of Deeplabv3+ will also be improved in
addition to researching the backbone networks. Modules
such as the attention mechanism will be introduced to
improve the detection accuracy and ability to describe
the shape of defects, so as to adapt to smaller defects or
more complex texture backgrounds.
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