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Abstract

Automatic crack detection on road surfaces is an important task for supporting the quality
control of road infrastructure in transportation. Various methods have been proposed for
crack segmentation, but their accuracy is still limited. To improve the effectiveness of crack
detection, we propose the Swin Transformer-V2 UNET for Crack Segmentation Network
model (STUCNet) for crack recognition. The proposed model combines the advantages of the
Swin Transformer-V2 into the encoding module of the UNET-based architecture to enhance the
quality of semantic image segmentation. Specifically, the model integrates Swin Transformer-
V2 with shifted windows as the encoder to extract contextual features for crack segmentation.
The symmetric decoder is based on a convolutional neural network with attention designed to
perform upsampling operations to restore the spatial resolution of the feature map. We evaluate
the STUCNet model on a large dataset containing cracks collected in different contexts.
Compared to current advanced models, the proposed method achieves state-of-the-art (SOTA)
results for crack segmentation.

Index terms

Road crack detection, crack segmentation, Transformer, Attention, UNET.

1. Introduction

Detecting road cracks is the process of inspecting and identifying cracks on the
road surface to assess and develop maintenance plans to ensure safety for road users.
Detecting cracks on the road can be done manually using human eyes or automatically
using computer vision. Manual inspection and evaluation are labor-intensive and time-
consuming. They require the inspector to be an expert in the field of road construction.
Automatic crack detection has been researched for many decades with many challenges
such as noisy images, and small diverse cracks. This article proposes a novel approach
based on the Vision Transformer approach to automatically detect and segment road
cracks, helping to assess road conditions more accurately.

The methods of crack segmentation and detection for road images can be divided into
two main groups as follows: traditional crack recognition methods and advanced crack
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recognition methods. Traditional methods mainly rely on image processing techniques,
while advanced methods automatically segment cracks using deep learning networks.

Over the past few years, there has been a continuous development of computer vision-
based crack detection algorithms. Many algorithms such as threshold segmentation [1],
morphology [2], and filter-based algorithms [3] have been employed for crack detection
tasks. While these methods can attain quite high detection accuracy after fine-tuning
the parameters, they are only suitable for images captured in a specific environment.
The detection accuracy can be lowered by illumination and shooting distance, making
them unsuitable for practical engineering requirements.

To overcome the limitations of traditional computer vision algorithms, Convolutional
Neural Networks (CNNs) are being utilized for various vision tasks. CNNs were initially
proposed by LeCun et al. [4], and can generate hierarchical features in an image, thus
improving the understanding of objects within the image. CNNs have been widely
applied in various areas such as image classification [5], [6], object detection [7],
and semantic segmentation [8]-[10]. Among CNN variants, the UNET [11], a typical
encoder-decoder-based network, has exhibited exceptional segmentation potential. In this
network, the encoder extracts features by continuously down-sampling the input image,
and then the decoder progressively utilizes the output of the features from the encoder
through skip connections to up-sample the image. This allows the network to obtain
features of varying granularity, resulting in better segmentation. With the popularity of
UNET, several novel models such as SegNet [12], CrackNet [13], DeepCrack [14], and
SCCDNet [15] have been proposed, specifically designed for crack image segmentation.
These models have achieved remarkable performance.

Convolutional kernels have inherent inductive biases that limit their ability to consider
the entire image, resulting in a loss of global context and the inability to establish long-
range dependencies. Although stacking convolution layers and downsampling can help
to expand the receptive field and improve local interaction, this approach is not optimal
because it increases the model’s complexity and makes it more prone to overfitting.

The Transformer [16], a novel architecture initially designed for sequence-to-sequence
modeling in natural language processing (NLP) tasks, has recently sparked considerable
discussion in the computer vision (CV) community. The Transformer can potentially
revolutionize most NLP tasks, such as machine translation, named-entity recognition,
and question answering, primarily due to its multi-head self-attention (MSA) mechanism,
which establishes global connections between sequence tokens. The ability to model
long-range dependencies also makes it suitable for pixel-based CV tasks. For instance,
the Detection Transformer (DETR) [17] employs an elegant Transformer-based design to
create the first fully end-to-end object detection model. Additionally, the Vision Trans-
former (ViT) [18], the first image recognition model purely based on the Transformer,
has been proposed and achieved comparable performance with other SOTA convolution-
based methods. A hierarchical Swin Transformer-V2 [19], [20] with Window-based MSA
(W-MSA) and Shifted Window-based MSA (SW-MSA) has been proposed to reduce
computational complexity, surpassing previous SOTA methods in image classification,

59



Section on Information and Communication Technology - Vol. 12, No. 01

dense prediction tasks such as object detection and semantic segmentation.

Based on the success of the Swin Transformer [20], we propose the STUCNet
model to leverage the power of the Transformer for image segmentation of road cracks.
STUCNet has a U-shaped architecture based on Transformer, CNN, and Attention
including an encoder, a decoder, and skip connections. The encoder is built based
on Swin Transformer-V2 blocks [20], and the decoder uses a CNN network like the
basic UNET [11] adding an additional Attention mechanism. The input crack images are
divided into non-overlapping image patches. Each patch is treated as a token and fed into
the Transformer-based encoder to extract high-level feature representations. Contextual
features are extracted and then upsampled by the decoder. It combines them with multi-
scale features from the encoder through skip connections to restore the spatial resolution
of the feature map and continue segmentation prediction. Experiments on road crack
segmentation datasets demonstrate the proposed method’s good segmentation accuracy.

Our contributions can be summarized as follows: Based on Swin Transformer-V2,
CNN and Attention, we propose the STUCNet model with an Encoder - Decoder sym-
metric architecture with skip connections; In the encoder, local-to-global self-attention
is performed; In the decoder, global features are upsampled according to the input
resolution to predict corresponding pixel-level segmentation.

2. Background and related work

In this section, we summarize the most popular CNN-based methods used in crack
image segmentation. Then, we provide an overview of recent research on Vision Trans-
formers, focusing on their applications in segmentation tasks.

2.1. Road crack image segmentation based on CNNs

Detecting cracks at the pixel level for length and width determination is a semantic
segmentation task. UNET [11] is a popular semantic segmentation network that utilizes
an Encoder-Decoder architecture and skip-connections to concatenate shallow and deep
feature maps, significantly enhancing the network performance. However, this approach
increases the model parameters. SegNet [12] also employs skip-connections, allowing the
maximum pooling parameter in the Encoder module to be introduced into the Decoder
module, resulting in improved computational efficiency at the expense of detection
accuracy. In 2017, CrackNet [13] was proposed for pixel-level crack detection tasks,
which differs from traditional CNN structures by removing the pooling layer to avoid
excessive downsampling that causes loss of detail. While CrackNet achieves better
crack detection accuracy, artificially designed filters in CrackNet limit the learning
ability of the model. An improved version of CrackNet, CrackNet-V [21], has a deeper
structure, and fewer parameters. CrackNet-V has also improved crack detection and
calculation efficiency. However, the algorithm’s dataset only contains specific cracks,
making it challenging to ensure the model’s accuracy when the crack types change.
Liu et al. [14] presented a model named DeepCrack, which detected cracks at the pixel
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level. The effectiveness of this model was confirmed through experiments on a dataset
comprising 537 crack images. Although the above algorithms have achieved good results
on their respective datasets, the datasets are quite small, making it difficult to prove the
model’s generalization ability. Li et al. [15] designed a crack segmentation model called
SCCDNet, which helps to improve the effectiveness of segmentation and significantly
reduces the model’s parameters.

2.2. Vision Transformer

Recently, inspired by the great success of Transformers in natural language processing
(NLP) [16], researchers have applied Transformer techniques to the field of computer
vision [17]. In [18], the ViT was proposed to perform image recognition tasks. By
taking 2D image patches with positional embeddings as input and pre-training on large
datasets, ViT achieved performance comparable to CNN-based methods. Additionally,
the Data-efficient image Transformer (DeiT) presented in [22] showed that Transformers
can be trained on medium-sized datasets and can obtain a more powerful Transformer
by combining it with feature extraction methods. In [19], [20], a hierarchical Swin
Transformer-V2 was developed and improved. Using Swin Transformer-V2 as a feature
extractor model, the authors of [20] achieved the highest performance in image clas-
sification, object detection, and semantic segmentation. The success of ViT, DeiT, and
Swin Transformer in image recognition tasks demonstrates the potential applications of
Transformers in the field of computer vision.

3. The proposed method
3.1. Overview of architecture

The overall architecture of the proposed STUCNet model is illustrated in Fig.1.
STUCNet consists of an encoder, a decoder, and skip connections. The basic unit of
the encoder in STUCNet is Swin Transformer-V2 blocks [20]. While in the decoder,
it is a combination of CNN and Attention. For the encoder, to transform the inputs
into sequence embeddings, crack images are divided into non-overlapping arrays with
a size of 4 x 4. Using this partitioning approach, the feature dimension of each patch
becomes 4 x 4 x 3 = 48. Moreover, a linear embedding layer is applied to project
the feature dimension into an arbitrary dimension (represented as C). The transformed
patch tokens pass through several Swin Transformer-V2 blocks and patch merging layers
to generate hierarchical feature representations. Specifically, the patch merging layer is
responsible for downsampling and increasing dimension, while the Swin Transformer-
V2 block is responsible for feature representation learning. The decoder includes an
up-sampling operation, attention to identifying useful pixels, and CNN to learn feature
representations. The extracted features are fused with multiscale features from the
encoder via skip connections to complement the loss of spatial information caused
by multiple downsampling. Finally, a combination of convolution and up-sampling
is applied four times to restore the resolution of the object mapping to the input
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Fig. 1. The overall architecture of STUCNet.

resolution (W x H), and then a linear projection layer is applied to output the pixel-level
segmentation predictions.

3.2. Swin Transformer-V2 blocks

Unlike typical MSA input modules, the Swin Transformer-V2 [20] block is built based
on shifted windows. Fig.2 illustrates two consecutive Swin Transformer-V2 blocks.

Each Swin Transformer-V2 block consists of a MSA module, a LayerNorm (LN)
layer, residual connections, and 2 MLP layers with the GELU non-linear activation
function. The first MSA module is based on a window (W-MSA). The second MSA
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Fig. 2. Swin Transformer-V2 block.

module is based on shifted window (SW-MSA). These modules are applied in two
consecutive transformer blocks. Based on such window partitioning mechanism, Swin
Transformer-V2 blocks can be continuously constructed as:

2=LN(W-MSA(Z")+2, (1)
2 =LN(MLP(2") + 2, 2)
2= LN (SW — MSA () + 2, 3)
A= LN (MLP (Z%)) + 27 4)

where 2! and 2! represent the outputs of the (S)W —M S A module and the M L P module
of the I*" block, respectively. Similar to the previous works [19], [20], self-attention is
computed as follows:

QKT
Vd

where B € RM**M? g the relative position bias term for each head; Q, K,V € RM *xd
are the query, key and value matrices; d is the query/key dimension, and M? is the
number of patches in a window.

Attention(Q, K, V) = SoftMax ( + B) V. 5)

We use 3 structures of Swin Transformer-V2 for the encoder of STUCNet with the
following stage, block and channel settings:

* SwinV2-T: C = 96, block = {2;2;6;2}
« SwinV2-S/B: C=96/128, block= {2;2;18; 2}

From there, the proposed STUCNet model also has three corresponding structures
which are STUCNet-T, STUCNet-S, and STUCNet-B compared and evaluated for crack
segmentation performance with other deep learning models in section 4.3.

In summary, each Swin transformer-V2 block has two mechanisms: the shift and the
MSA. The shift mechanism is responsible for rearranging the position of pixels in the
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image, creating smaller patches that can be more efficiently processed by self-attention
operations. The self-attention mechanism allows the model to weigh the importance of
each pixel in the image against all other pixels. So, the model can capture long-range
dependencies and contextual information. This helps the model better understand the
relationships between different pixels in an image, which is particularly important for
image segmentation tasks.

3.3. Encoder

In the encoder, the input is encoded into a % X % C-dimensional feature map. It is
passed through two consecutive Swin Transformer-V2 blocks to perform feature extrac-
tion. In these blocks, the dimension and resolution of the features remain unchanged. At
the same time, the Patch Merging layer reduces the number of tokens (2x downsampling)
and doubles the dimension of the features. This process is repeated four times in the
encoders. At the third iteration, it consists of 6 Swin Transformer-V2 blocks for the tiny
architecture and 18 blocks for the small or base architectures.

Patch Merging Layer: The input patches are divided into four parts and merged by
the patch merging layer. With such processing, the resolution of the features will be
downsampled by a factor of 2. When merging patches leads to a 4x increase in feature
size, a linear layer is applied to the merged features to unify the feature size to twice
the original size.

Using the Swin transformer-V2 structure in the encoder module helps to improve
model efficiency. This is because of Swin Transformer-V2’s hierarchical architecture
with repeated stages of transformer layers, reducing the number of parameters while
maintaining high accuracy. It leads to faster and more efficient feature extraction com-
pared to using convolutional blocks in the basic UNET network [11]. Additionally, Swin
transformer-V2 also enhances model performance as it has worked well on large datasets
with high-resolution input images.

3.4. Decoder

The decoder module interpolates features with multi-scale features from the encoder
via skip connections. The module then feeds them into the first Attention layer. Hence,
the combined model can selectively aggregate relevant features from the encoding block
with those from the preceding decoding block to produce high-resolution output. Two
feature selection convolutional operations are the same in UNET [11]. Finally, a second
Attention layer is applied to attend to the informative pixels before passing to the next
decoding block.

We apply 2 Attention layers in each decoding block to improve the segmentation
accuracy. Because the attention mechanism in the decoding block helps the model learn
to assign higher weights to more relevant features while suppressing or even ignoring
irrelevant ones. In this way, the model can better capture the spatial relationships between
different image features, leading to more detailed and accurate segmentation results.
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3.5. Skip connection

Similar to UNET [11], skip connections are used to merge multi-scale features from
the encoder with the upsampled features in the decoder. We combine shallow features
and deep features together to minimize spatial information loss caused by downsampling.
A linear layer follows, with the size of the concatenated features remaining the same as
the size of the upsampled features. As the decoder has access to features from multiple
scales, it can better identify and segment objects with different sizes and shapes. Skip
connections also help reduce the number of parameters in the network, making training
easier and avoiding model over-fitting.

4. Results and discussion
4.1. Dataset

Currently, there is no consistent publicly available dataset for crack segmentation
tasks, making it difficult to compare different models on the same dataset. Most previous
articles have trained and tested their models on small datasets they created themselves.
Therefore, in this article, we created a large Crack-datasets by synthesizing crack images
from various road surface crack datasets such as CFD, Deepcrack, Crack500, GAPS,
Rissbilder, etc., to evaluate the effectiveness of different models. The dataset is publicly
available at the following link: https://github.com/tungnlh/datasets. This dataset includes
7,169 manually labeled images with a resolution of 448 x 448. Some typical crack
images and their labels are shown in Fig.3. It can be seen that the dataset contains
crack images under various environmental conditions, different shooting distances, and
different forms, including common and diverse crack characteristics.

| PR g
& et

Image

Mask

(c) (d) (e (H

Fig. 3. Representative samples in the dataset. (a) A single crack in a complex environment,
(b) A compound crack in a simple environment, (c) A crack taken at an oblique angle,
(d) A net-like crack, (e) A coarse crack taken at close range, and (f) An image without crack.

The dataset is divided into two sets: the training set and the test set. The training set
contains 6,164 images. In this set, 4,965 images have cracks, and 1,199 images do not
have cracks. The test set involves 1,005 images which include 793 images with cracks
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and 212 images without cracks. The dataset has approximately 20% number of images
without cracks to enhance the model’s noise resistance and reduce the likelihood of
false detection of environmental objects as cracks.

4.2. Evaluation matrix

Choosing appropriate evaluation metrics is necessary to quantitatively assess crack
segmentation accuracy. To begin with, in crack detection, the following evaluation
metrics are utilized:

Precision — TruePositives ©)
"~ TruePositives + FalsePositives’

Recall — TruePositives 7
~ TruePositives + FalseNegatives’

I 2 x Precision x Recall )
— score = )
Precision + Recall

The precision metric indicates the percentage of pixels that are accurately identified as
cracks, revealing the influence of false positives on the outcome. On the other hand, the
recall metric indicates the percentage of actual crack pixels that are correctly identified,
showing the impact of false negatives on the results. The F-score metric is a combined
measure of the two, taking into account the model’s ability to minimize both false
positives and false negatives. It provides a comprehensive evaluation of the model’s
ability to resist missed detections and false detections.

Furthermore, we present two widely used assessment metrics, Dice and Intersection
over Union (IoU), in the field of semantic segmentation. The formula for these metrics
is as follows:

2|32, %, X (i) - Y 6. )|
5205, X ()| + [0, Y 6 )|

€))

Dice =

25, XGd) - Y (0. )
055, [ () + Y (0,9)) = X () - Y )]|

IoU = (10)

Not only is it essential to evaluate the segmentation accuracy of the model, but also
its complexity, which serves as a crucial indicator. To measure the complexity, we utilize
the model parameters and Floating Point Operations (FLOPs). The following formulas
are employed to determine them:
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Parameters = (Dy, x Dy x M) x N+ N, (11)

FLOPs = [(Dy x Dy x M) x N+ N] x (H x W). (12)

where D), represents the size of the convolution kernel, M and N represent the number
of channels of the input feature map and output feature map, respectively, and H and
W represent the length and width of the output feature map, respectively.

4.3. Segmentation result

The STUCNet model can choose from 3 different structures of Swin transformer-V?2
to be used as the encoder: tiny (T), small (S), and base (B). In addition, to further
validate the advantages of STUCNet, we compared it with the segmentation methods
DeepCrack [14], UNET [11], SegNet [12], and SCCDNet [15] on the same dataset. The
comparison results are shown in Table.1.

Table 1. Segmentation results of different models. The best scores are in bold

Models Precision Recall F-score Dice IoU
UNET 0.6953 0.8056 0.7464  0.7185 0.6002
SegNet 0.6483 0.7402 0.6912 0.6184 0.5015

DeepCrack 0.6761 0.4489  0.5396  0.3951 0.3166
SCCD-D32 0.7294 0.8296 0.7763  0.7541 0.6402
STUCNet-T 0.8118 0.7690  0.7898  0.7717 0.6641
STUCNet-S 0.7800 0.7844  0.7822  0.7602 0.6517
STUCNet-B 0.7940 0.7736  0.7836  0.7623  0.6538

From Table.1, it can be observed that the Tiny model achieved the highest accuracy in
crack detection, with all metrics including Precision, F-score, Dice, and IoU achieving
the highest results. The Small STUCNet-S and Base STUCNet-B models achieved
similar results, and both outperformed modern crack segmentation models when trained
and tested on the same relatively large and general dataset.

Compared to UNET, STUCNet-T achieved higher scores of 11.65%, 4.34%, 5.32%,
and 6.39% on Precision, F-score, Dice, and loU metrics, respectively. Even compared to
SCCDNet, STUCNet-T outperformed with higher scores of 8.24%, 1.35%, 1.76%, and
2.39% on the same metrics, respectively. However, the Recall score was lower than both
UNET and SCCDNet, indicating that the model’s ability to avoid false negatives was not
as good as SCCDNet. STUCNet-T performed better than STUCNet-S and STUCNet-B.

Regarding the complexity of the model, Table.2 compares the number of parameters
and operations per second of each model. STUCNet-T has the lowest number of param-
eters among our three models and is only about 4.5M parameters higher than the best
model SegNet. The STUCNet-B model has a relatively large number of parameters,
about 2.8 times that of SegNet. The number of operations per second of STUCNet-T
is also impressive, with only about 6 billion operations higher than SegNet and much
lower than the other models.
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Table 2. Compare the number of parameters of models, the number of operations per second,
and the average time for segmenting an image

Models FLOPs/G Parameters/M Time (ms/picture)

UNET 111.632 44.021 70

SegNet 30.703 29.444 59
DeepCrack 61.280 58.858 33
SCCD-D32 65.004 31.705 62
STUCNet-T 36.417 33.968 53
STUCNet-S 60.706 50.031 82
STUCNet-B 98.638 81.526 109

The average segmentation time per image is the mean value of each model’s time to
read, segment, and save 1,005 test images to jpg or png format. The results show that
the STUCNet-T model (53 ms) is slower than DeepCrack (33 ms) but faster than the
other models. This demonstrates that the segmentation speed of the model is quite good.
The Small and Base structures of the model, due to their more complex structures, also
have slower segmentation times, but the difference is not significant.

(e) (f) (=)

Fig. 4. Visualization of experimental results. (a) Input crack image, (b) Corresponding mask image,
(c) Output from UNET, (d) Output from SegNet, (e) Output from DeepCrack,
(f) Output from SCCD-D32, and (g) Output from STUCNet-T.

Fig.4 shows the experimental results of the typical models. It can be seen that
STUCNet-T can detect all cracks on the input image, while other models only detect a
part of the cracks or detect the cracks but with interruptions. SegNet and DeepCrack
misidentify noise as cracks. This shows that our model has detected cracks more fully
and improved its error detection ability. Although STUCNet gives good results, similar
to SCCD-D32, it cannot detect some details of the structure on the edges of the crack.
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This may be due to the window size in STUCNet still being large and sampling too
much, leading to the loss of detailed features. We will research and design a more
efficient structure to use detailed features on the feature map in the encoding module.

5. Conclusions

In this article, we introduce a STUCNet network model for crack segmentation that
utilizes a symmetrical Encoder-Decoder architecture based on vision transformer, CNN,
and Attention. The model consists of an encoding module with a Swin transformer-
V2 network backbone with CNN, Attention, and skip connections to restore the spatial
resolution of the feature map and continue segment prediction. The STUCNet model
is evaluated on a large dataset of 7,169 labeled images collected from various envi-
ronments. The results demonstrate that our model achieves higher accuracy than other
advanced crack segmentation models in terms of precision, F-score, Dice, and IoU. In
the future, we will focus on designing lighter and more advanced models to further
improve crack segmentation results.
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MANG STUCNET NANG CAO HIEU QUA NHAN DANG
VET BUT MAT BUONG

Phan Hdi Hong, Nguyén Lé Hoang Ting

Tém tit

Ty dong phat hién vét mit mat dudng la mot nhi€ém vy quan trong nhim hé trg kiém tra
chét lugng dudng bo trong cd sd ha ting giao thong. Nhidu phuong phap khac nhau da dugc
dé xuét dé phan doan vt nit mat dudng, tuy nhién do chinh xdc chua cao. Pé nang cao
hiéu qua nhan dang vét niit mat duong, chiing to6i di nghién ciiu dé xuit mo hinh STUCNet
(Swin Transformer-V2 UNET for Crack Segmentatlon Network) cho nhan dang vét nit mat
duang M6 hinh dé xuit két hop cac uu diém ctia Swin Transformer-V2 vao md-dun ma héa
clia kién tric UNET tiéu chuan d€ nang cao chit hIOng phan doan ngt nghia hinh anh. Cu
thé, mo hinh tich hgp Swin Transformer-V2 véi céc ctia s6 dugc dich c,huyen lam bd ma hoa
dé trich xuit cic dic trung ngu’ canh cho phan doan vet nit, bo gidi ma déi xung dya trén
mang no-ron tich chap cung cdc Attention dugc thiét ké d€ thyc hién thao tdc ldy mau 1én
nham khoi phuc do phin gidi khong gian va chi y nhlmg ddc trung quan trong. M6 hinh
STUCNet dugc thuc nghiém trén bd di li¢u 16n chia cac vét nit duge thu thap trong céc
ngll cdnh khéc nhau. So v6i cdc md hinh tién tién hién nay, md hinh cda ching t6i dat dugc
hiéu quéa phan doan vét nit tot nht.

Tu khoa

Nhan dang vét niit miit duong, phan doan vét nit, Transformer, Attention, UNET.
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