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Featured Application

This study can provide reliable technical support for road crack detection in intelligent
transportation systems. The proposed method is suitable for automatic inspection vehicles
equipped with high-definition cameras. It can accurately mark the location of road cracks
even in low-contrast pavement backgrounds. This method provides a good basis for
preventing potential pavement distress in later service stages and provides key data for the
predictive maintenance of roads in intelligent urban infrastructure management.

Abstract

To address the problem of road crack detection in low-quality pavement images, existing
semantic segmentation methods still have shortcomings such as missed crack detection
and inaccurate localization due to weak crack boundaries, low contrast, and complex
pavement texture. To address these limitations, this study proposes a crack segmentation
model based on feature integration and a triple attention mechanism. The model uses
DeepLabv3+ as the backbone network and introduces the proposed three-dimensional
interactive attention module after feature extraction. The attention module enhances the
extraction of key features related to the spatial location and morphological details of cracks,
thereby improving the ability of crack location. A hierarchical feature integration branch is
introduced in the cross-layer connection, and a dimension-aware selective fusion module
is used to enhance the saliency of small cracks in complex backgrounds. In addition,
the proposed multi-group dilation feature fusion module is introduced to improve the
multi-scale modeling of small and slender cracks and reduce background interference. The
experimental results on Crack500 and GAPS384 datasets show that the proposed model
achieves better overall segmentation performance than the comparison model, especially
in reducing the missed detection of weak, small, and discontinuous cracks in low-quality
pavement images. Complexity analysis further shows that the proposed model maintains
practical inference efficiency rather than relying on too large a model size. These results
show that the proposed method provides an effective solution for low-quality road crack
segmentation, but it still needs to be further verified in actual detection scenarios.

Keywords: crack segmentation; semantic segmentation; encoder–decoder; feature fusion;
attention mechanism; strip convolution

1. Introduction
Road surface cracks are one of the most common types of damage to road structures.

Pavement cracks can directly reduce pavement smoothness and affect the pavement friction
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coefficient. According to the analysis of 2022 Iowa traffic data, when the road surface
roughness deteriorates from good to poor, the accident rate rises from 134 to 466 per billion
miles, an increase of 248%. When the friction coefficient decreases from advantageous to
poor, the accident rate increases from 118 times to 571 times, an increase of about 384%.
These quantitative results indicate that reductions in pavement smoothness and friction
coefficient caused by cracks and other pavement distress can significantly increase the risk
of traffic accidents [1]. Therefore, the development of an efficient and accurate method to
detect pavement cracks is highly practical.

Road crack detection methods are mainly divided into image processing and deep
learning methods. Kheradmandi N et al. [2] pointed out that although the image pro-
cessing method is simple and computationally efficient, it achieves better segmentation
results under relatively good conditions such as clear cracks and background contrast.
However, under complex conditions involving rough pavement textures and low-contrast
small cracks, image-processing methods often exhibit reduced robustness. To overcome
these limitations, in recent years, with the rapid advancement of artificial intelligence,
many researchers have begun to focus on deep learning. Among them, convolutional
neural networks (CNNs) can effectively address challenges in crack detection tasks such
as morphological diversity, uneven illumination, and complex background interference
due to their powerful feature learning and end-to-end modeling capabilities. Many classic
semantic segmentation models, such as UNet [3], which was originally applied to medical
image segmentation, and DeepLabv3+ [4], which can capture multiscale context, have been
proposed. After specific improvements, these models have been successfully applied to
tasks such as road crack detection. Yuan H et al. [5] incorporated an efficient channel atten-
tion (ECA) mechanism into a classical UNet network. By assigning weights to individual
channels, the model can identify cracks more accurately and enhance its ability to discern
complex noise in crack images. Yang L et al. [6] proposed the EGA-UNet network, which
introduces the GSConv, A-RepViT, and SPPF downsampling mechanisms. This not only
strengthens the multiscale crack feature extraction capability but also achieves a lightweight
design and real-time high-precision segmentation. In addition, feature map fusion was
employed to alleviate edge blurring in the segmentation results. Jun F et al. [7] designed
the ACAU-Net network, which integrates a densely dilated convolutional module and a
crack attention module to obtain more crack and contextual information, thereby increasing
the accuracy of crack localization. Zhang Y et al. [8] designed the CrackSeg network, which
introduces the ELF module into a high-resolution network, enhancing the crack edges and
texture features while filtering out shadow information. Li L et al. [9] proposed DFP-Net,
which integrates a three-layer feature pyramid and cascaded feature fusion to achieve
high-precision crack segmentation while alleviating the challenges of crack diversity and
class imbalance. BGCrack [10] enhances crack-edge feature modeling through a high-
frequency information enhancement module and global information perception, thereby
improving segmentation accuracy in complex backgrounds. CrackNet [11] integrates CNN
and transformer architectures, introduces strip pooling to enhance the features of slender
cracks, and employs a dynamic loss function to alleviate class imbalance, leading to a
significant improvement in crack segmentation accuracy. Research has shown that the
selective integration of high-level and low-level features [12], along with the application
of attention mechanisms [13], enables a more comprehensive feature representation and
effectively reduces the rate of missed crack detection.

In summary, the existing methods of attention mechanisms, multi-scale feature extrac-
tion, and feature fusion have improved the performance of pavement crack segmentation.
However, three key limitations remain insufficiently addressed when these methods are
applied to low-quality crack image segmentation. First, many attention modules model
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channel information and spatial information separately, making it difficult to capture the
cross-dimensional dependencies necessary for the directional continuity of slender cracks.
Second, the traditional multi-scale feature extraction method usually uses a square con-
volution kernel. While expanding the receptive field, it may introduce a large number of
surrounding pavement textures and weaken the weak crack response. Thirdly, simply
fusing high-level semantic features and shallow detail features, ignoring the intermediate
layer features, can easily lead to the insufficient characterization of small-scale cracks in
complex backgrounds.

To address these limitations, this study proposes a hypothesis: by combining cross-
dimensional attention, anisotropic multi-scale feature extraction, and hierarchical feature
integration, it can reduce missed crack detection and improve crack localization accuracy,
especially in low-contrast and complex pavement-texture scenes. In order to verify this
hypothesis, we chose DeepLabv3+ as the backbone network. First, triple-dimensional
interactive attention (TDIA) is introduced at the end of the encoder to explicitly model
the C × H, C × W, and H × W interactions required for directional crack localization.
Subsequently, a multi-groups dilation feature fusion (MDFF) module is introduced after
the attention mechanism to extract anisotropic multi-scale features of slender cracks and
reduce surrounding pavement-texture interference. Furthermore, a hierarchical feature
integration branch was added to the decoder, which included a dimension aware selective
integration (DASI) module, to adaptively integrate shallow, intermediate, and deep features
and make weak crack responses more significant. These three designs correspond to the
main difficulties of low-quality crack images, namely weak localization, slender multi-scale
morphology, and the loss of fine details during decoding. The effectiveness of this method
was verified by comparative experiments, ablation studies, and the visual analysis of two
public crack datasets.

2. Method
2.1. Overall Architecture

To address these challenges, we propose a crack segmentation model based on feature
integration and triple attention. The model uses DeepLabv3+, renowned for its multi-scale
context capture capability, as the backbone network and introduces three core modules on
this foundation. The overall network architecture is shown in Figure 1.

The network first employs a ResNet-50 backbone, augmented with dilated convo-
lutions, to extract feature maps rich in semantic information. The residual structure in
ResNet contributes to the optimization of the network and can extract hierarchical visual
representations more effectively. In addition, dilated convolution is introduced into the
ResNet network to expand the receptive field while maintaining the resolution of the
feature map. This design has been widely used in semantic segmentation [14], which can
not only alleviate the problem of deep network gradient disappearance but also retain the
characteristics of small crack structures in the feature extraction process.

Following the output of the ResNet-50 feature extraction network, a triple-dimensional
interactive attention mechanism (TDIA) is introduced. This module models the interde-
pendencies among the channel, height, and width dimensions, enhancing the capacity of
the network to spatially localize crucial crack features. Subsequent to the TDIA module, a
multi-groups dilation feature fusion module (MDFF) was employed. This module enriches
the diversity of multi-scale crack feature representations, thereby improving the model’s
ability to capture complex crack characteristics. During the decoding stage, a feature inte-
gration branch was added to the original decoding path. This branch first integrates feature
maps from different stages (Stage 1, Stage 2, and Stage 3) of ResNet-50 and introduces a
dimension aware selective integration module (DASI) to enable the network to adaptively
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select and integrate features from different layers, thereby enhancing the saliency of small
cracks in complex backgrounds.

 

Figure 1. Crack segmentation model based on feature integration and triple attention mechanism.

Before presenting the detailed mathematical formulations of the three modules, their
intuitive roles in the proposed framework are summarized in Table 1. This summary is
intended to help readers understand the functional motivation of each module and its
relationship to the challenges of low-quality pavement crack segmentation. Specifically,
TDIA focuses on directional crack localization, MDFF focuses on anisotropic multi-scale
slender crack modeling, and DASI focuses on the adaptive recovery of weak crack details
through cross-layer feature integration.

Table 1. Intuitive roles of the proposed modules in the segmentation framework.

Module Main Challenge Addressed Intuitive Function Expected Contribution

TDIA Weak localization of slender and
low-contrast cracks

Models cross-dimensional
interactions among channel,

height, and width to enhance
directional crack continuity

Improves crack localization and
reduces missed detections

https://doi.org/10.3390/app16115185

https://doi.org/10.3390/app16115185


Appl. Sci. 2026, 16, 5185 5 of 29

Table 1. Cont.

Module Main Challenge Addressed Intuitive Function Expected Contribution

MDFF
Background interference

introduced by square receptive
fields in multi-scale extraction

Splits the input feature map into
channel groups; each group is

independently processed by an
improved ASPP-style

multi-branch block with strip
dilated convolutions

Captures multi-scale slender
crack features while reducing

redundant full-channel
computation

DASI
Insufficient recovery of weak

and small crack details during
decoding

Adaptively fuses shallow, middle,
and deep features under

dimension-aware selection

Enhances weak crack responses
and preserves fine crack

boundaries

2.2. Triple-Dimensional Interactive Attention (TDIA)

Attention mechanisms are inspired by the human cognitive ability to selectively
focus on important information. In deep neural networks, they model interdependencies
among feature channels and generate spatial attention weights, allowing the network to
enhance target-relevant features while suppressing irrelevant background interference. By
integrating attention mechanisms, deep convolutional neural networks can better capture
critical features and achieve improved performance in large-scale visual tasks.

Although existing attention mechanisms (such as convolutional block attention mod-
ule (CBAM) [15] and coordinate attention (CA) [16]) have made significant progress in
computer vision tasks, they have limitations when used in road cracks. The crack shape
usually belongs to a slender linear topology and has a low contrast with the background.
The previous attention mechanism focused on the independent weighting of channels and
space, relying on isotropic square receptive fields. When dealing with the directional char-
acteristics of cracks, surrounding pavement texture information can easily be introduced,
thereby weakening the continuity and directional spatial localization ability of the crack
features. To objectively investigate this issue, in Section 4.6 of this study, TDIA was further
quantitatively compared with CBAM [15] and CA [16] under the same backbone network
and training settings.

Therefore, this study proposes a triple-dimensional interactive attention mechanism
subsequent to the feature extraction part of the ResNet-50 backbone network. This module
aims to establish the interactive relationships among the three dimensions of the channel,
height, and width. We can model the channel and spatial attention more efficiently without
reducing dimensionality, thereby improving our ability to locate key targets.

The difference between TDIA and CBAM and coordinate attention is its explicit cross-
dimensional interaction strategy. CBAM models channel attention and spatial attention
sequentially, while coordinate attention embeds position information into channel attention
through two one-dimensional direction encodings. In contrast, TDIA constructs three pairs
of interactive branches, namely C × H, C × W, and H × W branches, to jointly model
channel semantics, directional spatial extension, and spatial continuity. The C × H and
C × W branches are designed to capture the interaction between the channel dimension C
and height H or width W, respectively, whereas the last H × W branch focuses on modeling
the internal relationship between the two spatial dimensions H and W. Finally, the attention
weights of the interaction dimensions calculated on the three branches are multiplied. This
three-way interactive design is of crucial importance for road crack segmentation. Since
pavement cracks usually exhibit strong directional extensibility, such as the longitudinal
and transverse distribution of long strips. The C × H and C × W branches can capture the
interdependencies between channel characteristics and vertical or horizontal directions,
respectively, thus retaining the morphological continuity of slender cracks in the feature
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map. At the same time, the convolution kernel used in the three branches can effectively
filter the interference information generated by the complex road surface so as to better
maintain the continuous shape of the crack and improve the crack localization accuracy
under weak contrast. The attention structure diagram of the TDIA is shown in Figure 2.

 

Figure 2. Structure of TDIA module. Note: The module contains three interactive branches, C × H,
C × W, and H × W, which jointly model channel semantics, directional crack continuity, and spatial
crack structure.

The TDIA module can be understood as a three-branch attention block designed for
the elongated geometry of pavement cracks. Instead of computing channel attention and
spatial attention separately, TDIA builds three pairwise interactions. The C × H branch
emphasizes crack continuity along the vertical direction, the C × W branch emphasizes
crack continuity along the horizontal direction, and the H × W branch enhances the spatial
structure of crack regions. The outputs of these three branches are then multiplied to
generate a crack-aware attention map. In this way, TDIA aims to strengthen weak and
slender crack responses while suppressing irrelevant pavement textures.

For clarity, X ∈ RC×H×W denotes the input feature map, where C, H, and W represent
the channel number, height, and width, respectively. The three attention maps generated
by the C × H, C × W, and H × W branches are denoted as yH , yW , and yC, respectively.

The first branch, the C × H branch, was used to establish the interaction between the
channel and the height dimensions. First, strip average pooling and strip max pooling were
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applied to the input feature X along the width dimension, and the results were summed to
obtain a C × H × 1 feature map encoding the localization information, as in Equation (1).

gH(X) =
1
H ∑

0≤i≤H
Xh,i + max

H
(X) (1)

In Equation (1), H represents the height, and the feature map gH(X) ∈ RC×1×W is obtained
by summing the results of average pooling ( 1

H ∑
0≤i≤H

Xh,i) and max pooling (max
H

(X)), with

the height as the unit.
On the basis of the location information embedded feature map obtained from

Equation (1), we generated the attention feature map via the following encoding method.
Firstly, a one-dimensional convolution (Conv1D) with a convolution kernel size of 7 was
used to enhance the position feature map. This design refers to the common design of
representative attention modules. For example, CBAM [15] uses a 7 × 7 convolution
to generate a spatial attention map in the spatial attention branch; the triplet attention
module [17] also uses a convolution kernel size of 7. Therefore, this design can achieve
a balance between a larger receptive field and limited computational overhead. Group
normalization (GN) [18] was subsequently used to improve the generalizability of training
with mini-batches. Finally, the sigmoid activation function was used to generate attention
weights across the height dimension. The encoding method is shown in Equation (2).

yH = σ(GN(Conv1D7(gH))) (2)

In Equation (2), σ(x) is the sigmoid function.
Similar to the C × H branch, the C × W branch first applies strip average pooling

and strip max pooling to the input feature map X ∈ RC×H×W , as defined in Equation (3).
It then employs a similar encoding method to generate an attention feature map for the
width dimension, as shown in Equation (4).

gW(X) =
1

W ∑
0≤j≤W

Xj,w + max
W

(X) (3)

yW = σ(GN(Conv1D7(gW))) (4)

In Equation (3), W represents the width, and the feature map gW(X) ∈ RC×H×1 is obtained
by summing the results of average pooling ( 1

W ∑
0≤j≤W

Xj,w) and max pooling (max
W

(X)) with

the width as the basic unit. In Equation (4), σ(x) is a sigmoid function.
The final branch computes the attention feature maps between two spatial dimensions.

First, the input tensor X ∈ RC×H×W is compressed along the channel dimension via both
average pooling and maximum pooling over the channels to obtain the spatial information
feature map, as shown in Equation (5). Subsequently, the spatial information feature
map was processed by two strip convolutions with kernel sizes of 1 × 7 and 7 × 1. The
combination of horizontal and vertical strip convolutions enables the network to capture
directional features along both spatial axes, enhancing the representation of slender and
narrow crack structures in the spatial dimension [19]. Simultaneously, it avoids irrelevant
background interference caused by the square receptive field of traditional convolution and
improves the directionality of feature extraction. Finally, the final spatial attention feature
map is output through the sigmoid activation function, as shown in Equation (6).

gC(X) = AvgPool(X) + MaxPool(X) (5)
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yC = σ(Conv7×1(Conv1×7(gC))) (6)

In Equation (5), by considering the channels as the basic unit, the results of average pooling
and max pooling are applied and then summed to obtain the feature map gC(X) ∈ R1×H×W .
In Equation (6), σ(x) is a sigmoid function.

Finally, we multiply the three attention feature maps, yH , yW , and yC obtained from
Equations (2), (4), and (6), respectively, to obtain the comprehensive attention feature map.
This comprehensive weight map is then multiplied by the input feature map X to obtain
the output T of the TDIA module, as shown in Equation (7).

T = X × yC × yH × yW (7)

The final output of the TDIA module is T ∈ RC×H×W . This module captures cross-
dimensional interactions across channel, height, and width. It enhances key crack features
and improves localization while preserving original semantic information.

In summary, TDIA is designed to enhance crack-related features through three comple-
mentary interactions. The C × H and C × W branches preserve the directional continuity of
slender cracks along vertical and horizontal directions, while the H × W branch strengthens
the spatial crack structure. Therefore, TDIA provides a more task-specific attention mecha-
nism for low-quality crack images than conventional channel–spatial attention modules.

2.3. Multi-Groups Dilation Feature Fusion (MDFF)

After feature extraction, the traditional DeepLabv3+ model feeds the feature map
into the atrous spatial pyramid pooling (ASPP) module before sending the output fea-
ture map to the decoder. The ASPP module consists of 5 branches, each consisting of a
1 × 1 convolution, three 3 × 3 dilated convolutions with dilation rates of 6, 12, and 18, and
global average pooling. The three parallel dilated convolutions can extract features from
different receptive fields and obtain feature representations of crack targets at different
scales. Global average pooling was used to obtain global contextual information, and
the scale of the feature map was adjusted by upsampling to be consistent with the other
four branches.

However, since the traditional ASPP module [4] uses a fixed square receptive field, it
encounters significant limitations in complex pavement environments. Cracks typically
manifest as slender linear structures. Consequently, square convolutions inevitably intro-
duce substantial background noise into the feature maps when expanding the receptive
field, leading to the dilution of fine crack features. Furthermore, the ASPP module ap-
plies the same convolution operation across all channels, thereby failing to adequately
model morphological diversity. Therefore, we improved the ASPP module and proposed a
multi-groups dilation feature fusion module (MDFF) by combining the grouping strategy
idea [20]. The structure diagram is shown in Figure 3.

To make the feature extraction process clearer, the MDFF module can be understood
as a grouped improved ASPP-like structure. First, the input feature map is divided into
four sub-feature maps along the channel dimension, and each sub-feature map has a size of
C/4 × H × W. Then, each sub-feature map is independently processed by the same multi-
branch feature extraction block. For each group, one branch uses a 1 × 1 convolution
to preserve local channel information, while the other three branches use strip dilated
convolutions with dilation rates of 4, 8, and 12 to capture crack features at different
receptive-field scales. The outputs of the four branches within each group are fused
to obtain one corresponding output sub-feature map. Finally, the four output sub-feature
maps are concatenated along the channel dimension to recover the final output feature
map with size C × H × W.
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Figure 3. Structure of MDFF module. Note: The input feature map is first divided into four sub-
feature maps along the channel dimension. Each sub-feature map is independently processed by an
improved ASPP-style multi-branch block consisting of one 1 × 1 convolution branch and three strip
dilated convolution branches with dilation rates of 4, 8, and 12. The group-wise outputs are then
concatenated to generate the final output feature map.

Specifically, the output T ∈ RC×H×W of the TDIA attention module is first used as the
input feature map of the module and is divided into N groups (N = 4) along the channel
dimension to generate four sub-feature maps xi ∈ RC/4×H×W(i = 1, 2, 3, 4). The C/N
ratio (N = 4) is the number of channels in each group. Each of the four channel groups
is independently processed by the same four-branch improved ASPP-style block. In this
block, the 1 × 1 convolution branch and the three strip convolution branches with dilation
rates of 4, 8, and 12 jointly generate the corresponding group-wise output feature map. One
branch adjusts the number of channels by using a 1 × 1 convolution to obtain the output.
The other three branches were processed by strip convolution modules (with dilation rates
d of 4, 8, and 12), and x′i(D=1) ∈ RC/4×H×W(i = 1, 2, 3, 4) was finally calculated. The
calculation process for the strip convolution module is shown in Equation (8).

x′i(D=d) = DConvD=d
1×3 (DConvD=d

3×1 (xi))(d = 1, 4, 8, 12) (8)

In Equation (8), xi denotes the i-th sub-feature map obtained after channel splitting. The
strip dilated convolution operation is applied to each channel group under a given dilation
rate d, where d takes values of 4, 8, and 12 in the strip dilated convolution branches.
The resulting branch-level feature representation is denoted as x′i ∈ RC/4×H×W (where
i = 1, 2, 3, 4). This operation enables each channel group to extract elongated crack features
at different receptive-field scales.

After the strip convolution module, the outputs of each branch x′i(D=d) ∈ RC/4×H×W

are concatenated along the channel dimension to obtain x̂i ∈ RC×H×W , as shown in
Equation (9). Multiple subfeature maps were recombined. Subsequently, the feature maps
corresponding to the four heads x̂1, x̂2, x̂3 and x̂4 are concatenated. At this stage, the
size of the feature map becomes 4C × H × W. Then, through 1 × 1 convolution, batch
normalization (BN), and nonlinear activation (ReLU), the sub-feature maps interact across
groups and are recombined into the output feature map XO ∈ RC×H×W . The recombination
operation is shown in Equation (10).

x̂i = Concat(x′i(D=d))(d = 1, 4, 8, 12) (9)
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XO = ReLU(BN(Conv1×1(Concat(x̂1, x̂2, x̂3, x̂4)))) (10)

In Equations (9) and (10), x̂1, x̂2, x̂3, and x̂4 denote the feature maps generated from the
four channel groups. Concat represents channel-wise concatenation, and XO ∈ RC×H×W

denotes the final output feature map after 1 × 1 convolution, batch normalization, and
ReLU activation.

In summary, MDFF first divides the input feature map into several channel groups and
then applies an improved ASPP-style multi-branch operation to each group independently.
Within each group, strip dilated convolutions with different dilation rates are used to
extract multi-scale slender crack features, while the 1 × 1 convolution branch preserves
local channel information. The group-wise outputs are finally concatenated to form the
complete output feature map. This design improves multi-scale crack representation while
reducing redundant full-channel computation and limiting the interference introduced by
surrounding pavement textures.

2.4. Hierarchical Feature Integration Branches

The traditional DeepLabv3+ model fuses only high-level features rich in semantic
information located at the tail of the encoder and detailed features from low-level features
(Stage 1) during the decoding stage. However, this two-layer feature map fusion strategy
is limited. First, the deepest feature map underwent multiple downsampling operations,
resulting in the loss of fine crack details. Conversely, the shallowest feature map, which is
rich in detail, lacks sufficient semantic context. The crack feature information contained in
the equally important middle layer features (Stages 2 and 3) was ignored. If only high-level
and low-level feature maps are fused, it is difficult to capture the complex and varied
features of cracks, and the faint features of small cracks are easily obscured in a complex
background.

To address this issue, we introduced a feature integration branch into the backbone
network. This network integrates three key feature maps from Stages 1, 2, and 3 of the
ResNet-50 feature extraction part, with 256, 512, and 1024 channels, respectively. First, we
used 1 × 1 convolutions to adjust the number of channels in the three feature maps to 128,
256, and 512. Subsequently, we incorporated the dimension aware selective integration
(DASI) module, designed by Shibiao Xu et al. [21], to conduct adaptive feature fusion
and produce the final output of this branch. The hierarchical feature integration branch is
shown in Figure 4.

Dimension aware selective integration (DASI) module is a channel-partitioning se-
lection mechanism. It can adaptively define the weight of the feature map of each layer
by referring to the scale and shape of cracks of different sizes, and selectively fuse these
feature maps, as shown in Figure 5.

Intuitively, the DASI module is used to decide how much information should be taken
from shallow detail features and deep semantic features under the guidance of intermediate-
layer features. For crack segmentation, shallow features contain edge and texture details,
deep features contain semantic discrimination, and intermediate features provide scale-
related structural information. Instead of directly concatenating these features, DASI
adaptively assigns their contributions, so that small cracks can retain local details while
still benefiting from high-level semantic context.

https://doi.org/10.3390/app16115185

https://doi.org/10.3390/app16115185


Appl. Sci. 2026, 16, 5185 11 of 29

 

Figure 4. Structure of hierarchical feature integration branches.

 

Figure 5. Structure of the DASI module. Note: The shallow, intermediate, and deep feature maps
are first aligned and split along the channel dimension. The intermediate feature is used to gener-
ate adaptive weights, which guide the selective fusion of local detail information and high-level
semantic information.
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The dimension aware selective integration module comprises two main steps. First,
convolution is applied to the high-dimensional feature map Ih ∈ RCh×Hh×Wh , and
bilinear interpolation upsampling is performed on the low-dimensional feature map
Il ∈ RCl×Hl×Wl such that their features can be aligned with the intermediate-layer fea-
ture map Im ∈ RCm×Hm×Wm . Subsequently, these three feature maps were divided into four
equal parts according to the channel dimension, resulting in hi ∈ RC/4×H×W(i = 1, 2, 3, 4)
and mi ∈ RC/4×H×W(i = 1, 2, 3, 4), where i denotes the i-th segmentation feature. First, the
weights α ∈ RC/4×H×W of the middle-layer feature mi were calculated via the sigmoid acti-
vation function. Then, the weights of the high-dimensional and low-dimensional features
are dynamically allocated via α and added together to obtain the feature integration result
mi ∈ RC/4×H×W for each segment. The calculation process is shown in Equation (11).

α = σ(mi), m′
i = αli + (1 − α)hi (11)

If α > 0.5 is true, the integrated features are more biased toward local details. If
α < 0.5 is true, the integrated features are more biased toward global contextual features.

Then, all mi ∈ RC/4×H×W are concatenated into O′
m ∈ RC×H×W , and the calculation

process is shown in Equation (12).

O′
m = Concat(m′

i),
∧
Om = σ(BN(Im + Conv(O′

m))) (12)

The output feature map
∧
Om ∈ RC×H×W integrates features from the shallow, mid-

dle, and deep layers of the encoder. It not only preserves detailed information, but also
possesses strong semantic expressive power. Through the adaptive weight allocation mech-
anism of the DASI module, the network can dynamically adjust the contribution of each
layer’s feature map according to the scale and morphology of the different cracks, thereby
effectively mitigating the missed detection phenomenon caused by improper feature fusion.

In summary, DASI acts as an adaptive cross-layer feature selector. It avoids the
limitation of directly fusing only shallow and deep features in the original DeepLabv3+
decoder. By introducing intermediate-layer guidance, DASI helps the network preserve
fine crack boundaries and enhance weak crack responses in complex pavement textures.

3. Datasets and Experimental Design
3.1. Datasets

This experiment focused on road crack detection. Therefore, we used the Crack500
and GAPS384 crack datasets as our evaluation datasets. The Crack500 dataset contains
3368 images of road surface cracks collected under different backgrounds, angles, and
lighting conditions [22]. Crack500 contains pavement crack images collected under dif-
ferent backgrounds and angles. The shape and scale of cracks vary greatly, and most of
the images have complex pavement textures. Therefore, it is suitable for evaluating the
segmentation performance of the model on cracks with different morphologies and the sta-
bility of crack detection under complex pavement textures. The GAPS384 dataset contains
509 images characterized by faint crack features and poor illumination [23]. The pictures in
the GAPS384 dataset are obtained from the road surface of the German federal highway
captured by the vehicle camera. It contains many low-quality crack images with weak crack
characteristics, low contrast, and stains. This dataset provides a more challenging scenario
for testing the robustness of the model under low contrast and noisy road conditions.

However, the representativeness of these datasets still has limitations. Crack datasets
are usually constructed from different collection sources and can usually only represent a
limited subset of crack materials, surface types, imaging equipment, and environmental
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conditions. Models trained based on public crack datasets may still have domain bias
when applied to unseen road types or different imaging conditions. In this study, although
these two datasets provide useful diversity in terms of crack morphology, low contrast,
and complex pavement textures, they do not cover all possible real inspection scenarios,
such as nighttime imaging, rainy or slippery roads, motion blur caused by high-speed
vehicle acquisition, severe occlusion, different pavement materials, or cross-regional road
conditions.

Data augmentation methods include random combinations of rotation, flipping,
cropping, brightness adjustment, and contrast adjustment. After data augmentation,
the Crack500 dataset contained 7160 images with a resolution of 512 × 512, including
5688 images in the training set, 348 images in the validation set, and 1124 images in the
test set. After augmenting the GAPS384 dataset and removing images that did not con-
tain cracks, 3916 images with a resolution of 512 × 512 pixels were obtained, including
3440 images in the training set, 320 images in the validation set, and 156 images in the
test set.

3.2. Experimental Environment and Evaluation Indicators

This experiment was conducted on a server equipped with a Tesla V100S PCIE 32GB
GPU (NVIDIA Corporation, Santa Clara, CA, USA). Inference and testing were performed
on a separate computer with an Intel(R) Core (TM) i9-14900HX processor (Intel Corporation,
Santa Clara, CA, USA) and 32GB RAM. The model was implemented via PyTorch 2.0
(PyTorch Foundation, San Francisco, CA, USA), and a neural network was trained. During
training, we trained for 50 epochs, set the batch size to 4, set the learning rate to 0.0001,
and used the Adam optimizer algorithm. Each model was trained three times using three
random seeds: 0, 42, and 2026, to ensure the robustness of model training.

This study employed four metrics to evaluate the model performance: mIoU (mean
intersection over union), Recall, Precision, and F1 − score. These metrics can be used to
evaluate the accuracy of the model in segmenting cracks comprehensively. The equations
are as follows:

mIoU =
1

k + 1

k

∑
i=0

Pii

∑k
i=0 Pij + ∑k

i=0 Pji − Pii
(13)

Recall =
TP

TP + FN
(14)

Precision =
TP

TP + FP
(15)

F1 =
2 × Precision × Recall

Precision + Recall
(16)

In Equation (13), k is the number of segmentation classes, and Pij denotes the prediction of
class j pixels.

In Equations (14)–(16), TP represents the number of pixels correctly predicted as cracks,
TN represents the number of pixels correctly predicted as background, FP represents the
number of pixels incorrectly predicted as cracks, and FN represents the number of pixels
incorrectly predicted as background pixels.

3.3. Loss Function

To address the class imbalance between cracks and the background, we employed the
Tversky loss [24] as the loss function. This loss function balances the weights between false
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positives (FPs) and false negatives (FNs) by adjusting two hyperparameters. The formula
for the loss function is as follows:

TverskyLoss = 1 − ∑N
i=1 p0ig0i

∑N
i=1 p0ig0i + α∑N

i=1 p0ig1i + β∑N
i=1 p1ig0i

(17)

where N represents the total number of pixels in the sample and where p0i represents
the probability that the i-th element is a positive sample of the crack.g0i indicates that
the i-th element is 1 for a positive sample of the crack and 0 for a negative sample of the
background, and g1i indicates the opposite.

For the Crack500 dataset, which has a relatively balanced class distribution,
α = β = 0.5 was employed. For the GAPS384 dataset, the crack pixels were signifi-
cantly outnumbered by the background pixels due to class imbalance. Together with the
low crack contrast, this resulted in predictions biased toward high precision at the expense
of low recall. Therefore, α = 0.3, β = 0.7 was employed to increase the penalty weight for
false negatives, thereby improving the generalizability of the highly imbalanced dataset.

4. Experiment Results
4.1. Comparative Experiment of Different Models

To verify whether the model proposed in this study can effectively solve the problem
of missed crack detection and inaccurate localization, we compared it with different models
(e.g., DeepLabv3+ [4], DeepCrackAT [25], CrackScopeNet [26], CrackFormer [27], CT-
CrackSeg [28], and UCTransNet [29]). Here, the performance measures reported by our
method are expressed as the mean ± standard deviation. The results of the comparative
experiments on the Crack500 dataset are shown in Table 2.

Table 2. Comparison of evaluation metrics for various network models on the Crack500 dataset.

Model mIoU/% Recall/% Precision/% F1-Score/%

DeepLabv3+ 74.77 ± 0.08 69.8 ± 0.32 69.03 ± 0.26 69.41 ± 0.29
DeepCrackAT 75.11 ± 0.05 72.44 ± 0.31 67.75 ± 0.29 70.02 ± 0.08
CrackScopeNet 75.52 ± 0.08 70.2 ± 1.04 70.72 ± 1.02 70.46 ± 0.15
CrackFormer 75.78 ± 0.06 73.5 ± 0.61 68.64 ± 0.23 70.99 ± 0.13
CT-CrackSeg 75.96 ± 0.12 74.97 ± 1.04 68.03 ± 0.43 71.33 ± 0.17
UCTransNet 75.87 ± 0.1 73.84 ± 0.36 68.64 ± 0.27 71.14 ± 0.18

Ours 76.39 ± 0.06 75.51 ± 0.56 68.81 ± 0.44 72 ± 0.09

For the Crack500 dataset, our model benefits from the triple-dimensional interactive
attention and dimension aware selective integration mechanisms, enabling it to effectively
handle cracks with varying scales and morphologies, resulting in improvements in crack
recall. These findings demonstrate that the model presented in this study can effectively
alleviate the problem of missed crack detection. It performed the best among all network
models. The mIOU reached 76.39% (±0.06%), an average improvement of 0.89% over those
of the other networks, and improvements of 0.87% and 0.61% over those of CrackScopeNet
and CrackFormer, respectively. The F1-score reached 72.00% (±0.09%), an average improve-
ment of 1.44% over those of the other networks. The recall rate reached 75.51% (±0.56%).
This shows that the network can ensure that the average recall rate of cracks is the highest
without a significant decrease in accuracy, and it is not easy to miss detection.

In contrast, the proposed model still has some limitations in the performance of
precision, and its value was 68.81% (±0.44%). This limitation is mainly due to the high
semantic similarity between the complex background interference and the crack texture
in the Crack500 dataset. Especially when the three-dimensional interactive attention and
feature-selective integration mechanisms are used to enhance the extraction of small cracks,
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the model may be sensitive to road shadows, oil stains, or repair marks, thus introducing
some false detection. However, the model shows strong stability in improving crack
continuity and reducing the missed detection rate. The experimental results confirm that
the proposed model alleviates the detection problem of morphologically variable cracks
at the expense of a small amount of accuracy and achieves a better overall performance
balance while ensuring a leading recall rate.

The comparative experimental results for the GAPS384 dataset are shown in Table 3.
For the GAPS384 dataset, our network achieved the best results in terms of these three
metrics, with mIOU reaching 71.63% (±0.17%), which is an average improvement of
2.14% compared with the comparison networks, and an improvement of 2.78% and 1.53%
compared with CrackScopeNet and CrackFormer, respectively. The F1 score reached
61.5% (±0.34%), which was 3.99% higher than other networks on average, and 5.38% and
2.82% higher than CrackScopeNet and CrackFormer, respectively. The comparative results
indicate that the proposed model can effectively deal with the problem of missed crack
detection even in low-contrast and low-quality crack images. The images in this dataset
generally suffer from weak crack features and poor lighting, whereas some samples contain
stained shadows, which increases the complexity of the segmentation task. This finding
demonstrates that the triple-dimensional interactive attention mechanism introduced in
this study’s model can accurately focus on the key location information of cracks, even
when faced with uneven lighting and strain interference. The dimension aware selective
integration module improved the visibility of cracks in complex backgrounds by adaptively
fusing multilayer features.

Table 3. Comparison of evaluation metrics for various network models on the GAPS384 dataset.

Model mIoU/% Recall/% Precision/% F1-Score/%

DeepLabv3+ 69.15 ± 0.17 49.38 ± 0.76 66.74 ± 0.47 56.76 ± 0.46
DeepCrackAT 69.41 ± 0.14 53.76 ± 1.57 61.22 ± 1.31 57.25 ± 0.31
CrackScopeNet 68.85 ± 0.18 49.94 ± 1.81 64.06 ± 1.46 56.12 ± 0.77
CrackFormer 70.1 ± 0.14 53.63 ± 0.54 64.77 ± 0.24 58.68 ± 0.18
CT-CrackSeg 69.95 ± 0.22 53.02 ± 1.77 65.18 ± 1.01 58.47 ± 0.36
UCTransNet 69.57 ± 0.23 51.40 ± 2.25 65.81 ± 2.94 57.72 ± 0.28

Ours 71.63 ± 0.17 56.5 ± 1.62 67.47 ± 0.91 61.5 ± 0.34

Figure 6 shows the P–R plots corresponding to the test set results for the Crack500 and
GAPS384 datasets. As shown in the figure, the curve of the network in this study was closer
to the upper-right corner for both datasets. This demonstrates that our model maintained
the highest recall and precision rates across different thresholds. This indicates that our
model can maintain high detection accuracy across various thresholds.

Figure 6. P–R plots of various models on two datasets: (a) Crack500; (b) GAPS384.
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Although the numerical improvement over some recent methods was moderate,
this result should be interpreted together with the characteristics of the datasets and
the evaluation metrics. On Crack500, many comparison models already achieve strong
performance, and the remaining errors are mainly concentrated in small, weak, and texture-
confused crack regions. Therefore, a moderate improvement in mIoU and F1-score still
indicates that the model can better handle difficult samples rather than only improve
easy crack regions. More importantly, the proposed model achieved the highest recall on
both datasets, suggesting that it is more effective in reducing missed detections, which is
particularly important for pavement inspection tasks.

4.2. Ablation Experiment

To evaluate the impact of each proposed module, our method was based on the
DeepLabv3+ backbone network, in which we integrated various performance-enhancing
modules. Our method includes the multi-groups dilation feature fusion (MDFF) mod-
ule, the triple-dimension interactive attention (TDIA) module, and the dimension aware
selective integration (DASI) module. In addition, improved models with only one or
two modules will be tested to better evaluate the contribution of each improvement to
model performance. The effectiveness of each module was evaluated on the Crack500 and
GAPS384 datasets, and the results are shown in Tables 4 and 5.

Table 4. Ablation experiment results from the Crack500 dataset.

MDFF TDIA DASI mIoU/% Recall/% Precision/% F1-Score/%

− − − 74.77 ± 0.08 69.8 ± 0.32 69.03 ± 0.26 69.41 ± 0.29√
− − 75.11 ± 0.07 71.65 ± 0.99 68.26 ± 0.62 69.92 ± 0.18

−
√

− 75.62 ± 0.11 72.39 ± 0.47 69.14 ± 0.42 70.72 ± 0.12
− −

√
75.42 ± 0.11 71.83 ± 1.91 69.14 ± 1.49 70.46 ± 0.1√ √

− 75.98 ± 0.05 75.28 ± 0.91 67.87 ± 0.36 71.38 ± 0.06√
−

√
75.92 ± 0.15 73.62 ± 1.47 69.05 ± 0.58 71.26 ± 0.34

−
√ √

76.24 ± 0.07 73.95 ± 0.28 69.64 ± 0.48 71.73 ± 0.09√ √ √
76.39 ± 0.06 75.51 ± 0.56 68.81 ± 0.44 72 ± 0.09

Table 5. Ablation experiment results from the GAPS384 dataset.

MDFF TDIA DASI mIoU/% Recall/% Precision/% F1-Score/%

− − − 69.15 ± 0.17 49.38 ± 0.76 66.74 ± 0.47 56.76 ± 0.46√
− − 69.53 ± 0.10 50.74 ± 0.61 65.84 ± 1.37 57.31 ± 0.10

−
√

− 70.49 ± 0.21 53.95 ± 0.97 66.61 ± 1.72 59.62 ± 0.08
− −

√
70.51 ± 0.26 53.05 ± 1.72 68.10 ± 1.34 59.64 ± 0.17√ √

− 71.09 ± 0.12 55.28 ± 2.25 66.87 ± 2.30 60.53 ± 0.21√
−

√
71.05 ± 0.20 53.98 ± 0.67 68.33 ± 0.60 60.31 ± 0.13

−
√ √

71.2 ± 0.15 53.89 ± 0.32 69.35 ± 0.86 60.64 ± 0.27√ √ √
71.63 ± 0.17 56.5 ± 1.62 67.47 ± 0.91 61.5 ± 0.34

Note: In Tables 4 and 5,
√

and − indicate the inclusion and exclusion of the corresponding module, respectively.

As shown in Tables 4 and 5, each improvement enhanced the segmentation accuracy
to varying degrees. With the gradual integration of different modules, the segmentation
accuracy progressively increased. In the Crack500 dataset, compared with the backbone, our
model improved the mIoU, recall, and F1 by 1.62%, 5.71%, and 2.59%, respectively. In the
GAPS384 dataset, compared with the backbone, the mIoU, recall, and F1 improved by 2.48%,
7.12%, and 4.74%, respectively. These results indicate that all three modules contribute to
improving the model performance, especially the recall rate, which is moderately improved,
demonstrating that these modules can alleviate the problem of missed crack detection to
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some extent. Among them, the triple-dimensional interactive attention (TDIA) module and
the dimension aware selective integration (DASI) module play crucial roles in improving
model performance. If the TDIA module is ablated, the encoded semantic information will
be unable to provide accurate localization information. If the DASI module is ablated, the
feature maps of multiple layers cannot be integrated together in an appropriate proportion,
making it difficult to distinguish small cracks from the background and reducing the
detection performance.

The performance gains can be explained by the complementary roles of the three mod-
ules. TDIA mainly improves crack localization by strengthening the interaction between
channel semantics and spatial directions, which helps preserve the continuity of slender
cracks and reduces fragmented predictions. MDFF improves multi-scale representation
by using strip dilated convolutions within channel groups, making the receptive field
more consistent with the elongated morphology of cracks and reducing the influence of
surrounding pavement textures. DASI further improves weak-detail recovery by adap-
tively integrating shallow, intermediate, and deep features, so that small cracks can retain
boundary details while benefiting from semantic context. Therefore, the improvement in
recall is consistent with the design objective of reducing missed detections in low-quality
crack images.

4.3. Model Complexity Analysis

In addition to the segmentation accuracy, the complexity of the model is also an
important consideration in actual pavement crack detection. In order to evaluate the cost-
effectiveness of the proposed modules, this study further compared the proposed model
with the representative benchmark network in terms of the number of parameters (Params),
the number of floating-point operations (FLOPs), the inference time, and the inference
speed (FPS).

All models were evaluated in the same input resolution and hardware environment.
The number of parameters reflects the storage requirements of the model, the number
of floating-point operations represents the theoretical calculation cost, and the inference
time directly reflects the deployment efficiency in the crack image processing process. The
detailed complexity comparison is shown in Table 6.

Table 6. Model complexity comparison.

Model Params/M FLOPs/G FPS

DeepLabv3+ 40.35 69.14 56.55
DeepCrackAT 5.39 84.81 33.94

CrackScopeNet 3.16 11.07 74.66
CrackFormer 4.96 81.55 8.27
CT-CrackSeg 17.76 95.47 9.06
UCTransNet 67.22 171.71 8.70

Backbone + MDFF 25.44 55.58 68.24
Backbone + TDIA 40.37 69.18 55.63
Backbone + DASI 41.61 72.96 51.82

Ours 26.72 59.36 60.38

Table 6 shows the comparison results of the computational complexity between this
model and other comparison models. It can be seen that although the model introduces
three modules of TDIA, MDFF, and DASI, it does not bring excessive computational burden.
The parameter quantity of the proposed model was 26.72 M, the FLOPs was 59.36 G, and
the inference speed reached 60.38 FPS. Compared with the DeepLabv3 + benchmark model,
the parameter number of the proposed model was reduced from 40.35 M to 26.72 M, the
FLOPs were reduced from 69.14 G to 59.36 G, and the inference speed was increased from
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56.55 FPS to 60.38 FPS. These results indicate that the module introduced in this study
does not simply increase the model size in exchange for performance improvement, but
improves the effectiveness of feature interaction and feature fusion while maintaining low
computational overhead.

Furthermore, it can be seen from the complexity results of the ablation model that
different modules have different effects on the computational overhead. Firstly, the parame-
ters of Backbone + MDFF were 25.44 M, FLOPs ere 55.58 G, and FPS was 68.24, which were
better than the original DeepLabv3 +. These results indicate that the MDFF module not only
enhances the modeling ability of multi-scale features of slender cracks, but also reduces the
number of parameters and calculations after replacing the traditional ASPP structure. The
main reason is that MDFF uses a channel grouping strategy and strip dilated convolution to
model different sub-features in parallel, which avoids the problem of the repeated calcula-
tion of all channels by multiple complete 3 × 3 dilated convolution branches in traditional
ASPP. Therefore, MDFF is not an additional stacked complex structure but achieves more
efficient computing allocation while improving the multi-scale feature extraction method.

In contrast, the parameters of Backbone + TDIA and Backbone + DASI were 40.37 M
and 41.61 M, respectively; the FLOPs were 69.18 G and 72.96 G, respectively; and the FPS
were 55.63 and 51.82, respectively. Compared with the original DeepLabv3+, TDIA had
almost no significant increase in the number of parameters and calculations, indicating
that it achieves low-cost attention enhancement through strip pooling, one-dimensional
convolution, and cross-dimensional interaction modeling. The DASI module brings some
additional computational overhead due to the need to fuse the feature maps of different
stages and perform channel division, upsampling, and selective fusion. However, combined
with the ablation experiment results, it can be found that DASI plays an important role in the
detection of small cracks and weak feature cracks, especially in enhancing the collaborative
expression between shallow detail information and deep semantic information, thereby
reducing the risk of missed detection in complex backgrounds. Therefore, the limited
computational overhead added by DASI is reasonable.

When the three modules work together, the parameters and FLOPs of the complete
model do not increase significantly with the increase in the number of modules, but are
lower than the original DeepLabv3+. This is mainly due to the efficient replacement of the
traditional ASPP structure by MDFF, and its reduced computational complexity offsets
the additional overhead introduced by TDIA and DASI to a certain extent. Therefore,
the complete model can still obtain faster inference speed while maintaining a medium
parameter scale. This also shows that TDIA, MDFF, and DASI are not simple structural
superposition relationships, but form a more complementary functional division: TDIA
mainly enhances the spatial localization ability of cracks, MDFF models multi-scale slender
crack characteristics with lower complexity, and DASI strengthens cross-layer feature
selective fusion. The three together improve the model’s ability to identify low-contrast
cracks and complex background cracks.

From the perspective of cost–benefit, lightweight models such as CrackScopeNet have
fewer parameters and higher inference speed, but such models have certain deficiencies
in crack recall ability, which may increase the risk of missed detection in actual inspec-
tion. For road maintenance tasks, the problem of missed crack detection is often more
worthy of attention than a slight increase in computational overhead, because unidentified
cracks may continue to expand during subsequent service and develop into more serious
pavement distresses. In contrast, although models such as CrackFormer, CT-CrackSeg
and UCTransNet have strong feature modeling capabilities, their FLOPs are higher and
their inference speed is significantly lower. For example, the FLOPs of CrackFormer was
81.50 G, and the FPS was only 8.27; the parameters and FLOPs of UCTransNet reached
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67.22 M and 171.71 G, respectively, and the FPS was only 8.70. Compared with these
models, the proposed model achieved a more balanced performance between parameter
quantity, computational complexity, and inference speed.

Therefore, the improved model proposed in this study has a reasonable cost–benefit
ratio. Its performance improvement is not at the expense of significantly increasing the
complexity of the model but improves the crack segmentation effect at a medium parameter
scale and a fast inference speed and helps to reduce the missed detection rate of small
cracks and weak contrast cracks. These results indicate that the additional structural design
brought by the TDIA, MDFF, and DASI modules is necessary and reasonable. However, if
further deployed on embedded devices with limited computing resources, model pruning,
knowledge distillation, or lightweight structure design still needs to be carried out in
subsequent research to further improve the actual deployment efficiency.

4.4. Hyperparameter Sensitivity Analysis

In order to further verify the rationality of the training configuration, this study
analyzed the sensitivity of two key training hyperparameters, namely the learning rate
and batch size. The learning rate directly affects the convergence speed and optimization
stability of the network, and the batch size affects the gradient estimation, memory usage,
and training stability. In the crack segmentation task, inappropriate hyperparameter
settings may lead to unstable model convergence or make it difficult for the model to fully
learn weak crack features. Therefore, this study conducted comparative experiments on
different learning rates and batch sizes under the condition of maintaining the network
structure, data division, input size, optimizer, and training rounds. The experimental
results are shown in Table 7.

Table 7. Hyperparameter sensitivity analysis table.

Hyper Parameter Crack500 GAPS384

Learning Rate Batch Size mIoU/% F1-Score/% mIoU/% F1-Score/%

1 × 10−3 4 75.57 70.69 70.21 58.82
1 × 10−4 4 76.40 72.01 71.80 61.84
1 × 10−5 4 75.3 70.26 69.79 57.87

1 × 10−4 2 75.13 69.98 69.7 57.76
1 × 10−4 4 76.40 72.01 71.80 61.84
1 × 10−4 8 76.15 71.66 70.83 59.94

Note: Bold values indicate the best performance among the compared settings.

Table 7 shows the sensitivity analysis results of the two key training hyperparameters
of learning rate and batch size. It can be seen that when the batch size was fixed at 4
and the learning rate was 1 × 10−4, the best results were obtained on both datasets. On
the Crack500 dataset, the mIoU and F1 scores of this setting were 76.40% and 72.01%,
respectively, which were better than the learning rates of 1 × 10−3 and 1 × 10−5. The same
trend was also shown on the GAPS384 dataset. Under the configuration of learning rate
1 × 10−4, the mIoU and F1 scores were 71.80% and 61.84%, respectively, which were the
highest. These results indicate that the larger learning rate may lead to the instability of the
optimization process, while the too small learning rate may make the model fall into the
local optimal solution, and it is difficult to fully learn the weak crack characteristics within
a fixed training round.

When the learning rate was fixed at 1 × 10−4, the batch size also affects the model
performance. Compared with batch sizes of 2 and 8, batch size of 4 achieved the best
results on both datasets. Especially on the GAPS384 dataset, the performance difference
was more obvious, indicating that the low-contrast crack image is more sensitive to the
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training configuration. The smaller batch size may lead to unstable gradient estimation,
while the larger batch size may weaken the model’s ability to learn subtle crack changes.
Therefore, the final experiment used a learning rate of 1 × 10−4 and a batch size of 4, which
achieved a good balance between optimization stability and segmentation accuracy.

4.5. MDFF Module Internal Parameters Comparison Experiment

In order to further verify the rationality of the internal parameter setting of the MDFF
module, this study conducted a comparative experiment on its key parameters. The MDFF
module mainly involves two design factors: the number of channel groupings and the
dilation rate combination of strip dilated convolution. The number of packet channels will
affect the diversity of feature splitting and the information interaction between different
groups. The dilation rate determines the range of the receptive field when the model
captures different scale crack structures. An inappropriate grouping number or dilation
rate combination may weaken the ability of multi-scale feature expression and may also
introduce too much background interference. Therefore, this study made an experimental
comparison of different parameter combinations under the condition of maintaining the
same network structure, data division, training strategy, and input size. The experimental
results are shown in Table 8.

Table 8. Comparison of the MDFF module internal parameters.

Hyper Parameter Crack500 GAPS384

Dilated Rate (d) Groups (N) mIoU/% F1-Score/% mIoU/% F1-Score/%

{2,4,6} 4 75.66 70.90 69.82 56.05
{4,8,12} 4 76.40 72.01 71.80 61.84

{6,12,18} 4 76.03 71.31 70.78 59.26

{4,8,12} 2 76.07 71.45 70.74 59.22
{4,8,12} 4 76.40 72.01 71.80 61.84
{4,8,12} 8 75.92 71.11 70.56 58.89

Note: Bold values indicate the best performance among the compared settings.

Table 8 shows that the internal parameters of the MDFF module had a significant
effect on the segmentation results. When the number of groups was fixed at N = 4, the
dilation rate combination {4,8,12} achieved the best results on both datasets. On Crack500,
the combination achieved 76.40% mIoU and 72.01% F1-score; on GAPS384, a 71.80% mIoU
and 61.84% F1-score were obtained. Compared with the smaller dilation rate combination
{2,4,6}, {4,8,12} can provide a larger receptive field range, which is beneficial to capture the
crack characteristics of different scales. Compared with the larger dilation rate combination
{6,12,18}, it can avoid introducing too much background interference, which is particularly
important for low-contrast cracks in GAPS384.

When the dilation rate was fixed at {4,8,12}, the number of groups also affected the
performance of the model. N = 4 was better than N = 2 and N = 8 on both datasets. A
small number of groups may limit the diversity of multi-branch feature extraction, while an
excessive number of groups will reduce the number of channels in each group and weaken
the semantic expression ability of crack features. Therefore, the dilation rate combination
{4,8,12} and the number of groups N = 4 achieved a better balance between multi-scale
receptive field modeling, feature diversity, and background noise suppression. This group
of parameters was finally used as the configuration of the MDFF module.

4.6. Quantitative Comparison Experiment and Analysis of Attention

To further verify the effectiveness of the proposed TDIA module, we compared it
with two representative attention mechanisms, namely CBAM [15] and CA [16], under
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the same DeepLabv3+ backbone, training strategy, and dataset settings. This experiment
aims to evaluate whether the cross-dimensional interaction strategy in TDIA can provide
more effective crack feature localization than conventional channel–spatial attention or
coordinate attention mechanisms. The quantitative comparison results on the Crack500
and GAPS384 datasets are shown in Table 9.

Table 9. Comparison of evaluation metrics for various attention.

Model
Crack500 GAPS384

mIoU/% F1-Score/% mIoU/% F1-Score/%

DeepLabv3+ 74.79 69.42 69.11 56.54
+CBAM 75.36 70.36 69.57 57.55

+CA 75.42 70.42 69.9 58.12
+TDIA 75.66 70.81 70.70 59.70

As shown in Table 9, all attention mechanisms improved the segmentation perfor-
mance compared with the original DeepLabv3+ backbone, indicating that attention-based
feature enhancement is beneficial for crack segmentation. On the Crack500 dataset, the
baseline DeepLabv3+ achieved an mIoU of 74.79% and an F1-score of 69.42%. After in-
troducing CBAM and CA, the mIoU increased to 75.36% and 75.42%, respectively, while
the F1-score increased to 70.36% and 70.42%. In comparison, the proposed TDIA mod-
ule achieved the best performance, with an mIoU of 75.66% and an F1-score of 70.81%.
Compared with the baseline, TDIA improved the mIoU and F1-score by 0.87% and 1.39%,
respectively. Compared with CBAM and CA, TDIA also achieved a higher mIoU and
F1-score, demonstrating its stronger ability to enhance crack-related features.

The advantage of TDIA was more evident on the GAPS384 dataset, which contained
more low-contrast and low-quality crack images. The baseline DeepLabv3+ obtained
an mIoU of 69.11% and an F1-score of 56.54%. CBAM improved these values to 69.57%
and 57.55%, while CA further improved them to 69.90% and 58.12%. In contrast, TDIA
achieved an mIoU of 70.70% and an F1-score of 59.70%, outperforming the baseline by
1.59% and 3.16%, respectively. Compared with CBAM, TDIA improved the mIoU and
F1-score by 1.13% and 2.15%; compared with CA, the improvements were 0.80% and 1.58%,
respectively.

These results indicate that the proposed TDIA module provides more effective feature
enhancement than conventional attention mechanisms. CBAM and CA mainly emphasize
channel–spatial weighting or coordinate-aware feature encoding, whereas TDIA explic-
itly models the interactions among channel, height, and width dimensions. This cross-
dimensional interaction helps preserve the directional continuity of slender cracks and
strengthens the spatial localization of weak crack features. Therefore, TDIA is particularly
effective for low-quality crack images with weak contrast, complex pavement texture, and
discontinuous crack structures.

In order to verify the ability of triple-dimensional interactive attention to extract and
integrate key features of cracks in the encoder, in this study, the TDIA was compared with
the backbone network, CBAM [15] spatial channel attention, and CA [16] in the heat map.
The visualization of the heat map is shown in Figure 7.

https://doi.org/10.3390/app16115185

https://doi.org/10.3390/app16115185


Appl. Sci. 2026, 16, 5185 22 of 29

Figure 7. The heat map comparison diagram of each attention mechanism: (a) image; (b) label;
(c) ours; (d) backbone; (e) CBAM; (f) CA.

It can be seen from Figure 7 that the triple-dimensional interactive attention mechanism
designed in this study has obvious advantages in aggregating key features of cracks and
suppressing background noise. Compared to the original backbone network, although
the CBAM and CA attention mechanisms exhibited a certain level of perception for key
crack features, the orange-red part of the heat map was concentrated toward the crack.
However, in the face of more complex pavement backgrounds or low-contrast cracks, the
square receptive field is prone to incorporating noise pixels around the cracks, which will
not only introduce a small amount of background noise interference, but also be prone to
the phenomenon of low-contrast crack feature dispersion or even loss.

In contrast, the TDIA attention of the proposed model performed better in the lo-
calization of cracks and the key feature extraction of low-contrast cracks. It can be seen
from the figure that the high confidence region generated by TDIA attention can be accu-
rately fitted in the crack area, and is almost not disturbed by background noise. This is
mainly due to the unique design of TDIA attention. Through the parallel calculation of
the three-dimensional relationship of height, width, and channel, and the combination of
strip pooling and strip convolution operation, it effectively breaks through the limitations
of the traditional attention square receptive field and can accurately collect the directional
characteristics of cracks, so as to achieve high-precision crack feature locking under low
contrast conditions.

5. Discussion
5.1. Qualitative Performance Analysis and Failure Cases

The visualization results for the Crack500 dataset are shown in Figure 8. Our model can
reduce missed crack detections while maintaining a low rate of false positives. Compared
with the segmentation maps of DeepLabv3+, the crack segmentation results of our model
were more accurate. Especially for the first, third, and fourth lines of crack images, even
in the case of complex pavement texture, the proposed model did not lose the important
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features of cracks, and could better retain the main structure and edge direction of cracks.
These results indicate that the extraction of multi-scale feature information can improve
the segmentation accuracy of cracks of different sizes. Combined with the improved
feature integration method and the synergy of the three-dimensional interactive attention
mechanism, the network can correctly identify important crack feature information and
pavement texture interference.

Figure 8. Segmentation results of various models on representative samples from the Crack500
dataset: (a) image; (b) label; (c) ours; (d) DeepLabv3+; (e) DeepCrackAT; (f) CrackScopeNet;
(g) CrackFormer; (h) CT-CrackSeg (i) UCTransNet. Note: In the figure, red boxes mark missed
crack detections, and green boxes mark false crack detections.

However, Figure 8 also reflects that the model still has some limitations. In the second
row of samples, some cracks located at the edge of the image still appeared to be missing
detection. This may be due to the lack of complete context information in the edge region,
which makes it difficult for the model to fully judge whether the region belongs to the
continuous crack structure. At the same time, the image cropping and size normalization
process may also weaken the local characteristics of the cracks at the boundary, making
it more likely to be misjudged as the background. In the fourth row sample, when the
crack had a high similarity with the pavement texture and the crack contrast was low,
although the proposed model could identify the approximate location of the crack, it failed
to fully recover the width and detail boundary of the crack. These results indicate that the
model’s ability to locate low-contrast cracks had been improved, but in the case of blurred
crack boundaries, strong texture noise, or large changes in crack width, there may still be
problems of boundary shrinkage or incomplete local segmentation.

The visualization of the GAPS384 dataset is shown in Figure 9. It can be seen that the
proposed model could still be accurately detected in the low-contrast crack image, and the
crack detection accuracy was better than other networks. This suggests that allowing the
model to adaptively and selectively integrate feature maps from different stages improves
the saliency of cracks in complex backgrounds. As shown in the first row of images in
Figure 9, compared with the other models, our model clearly delineated the contours of the
cracks and moderately reduced the discontinuities in the segmentation results. This finding
demonstrates that the synergistic effect of the triple-dimensional interactive attention
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and multi-scale modules enhances the model’s ability to accurately locate the key spatial
information of cracks under harsh conditions.

Figure 9. Segmentation results of various models on representative samples from the GAPS384
dataset: (a) image; (b) label; (c) ours; (d) DeepLabv3+; (e) DeepCrackAT; (f) CrackScopeNet;
(g) CrackFormer; (h) CT-CrackSeg (i) UCTransNet. Note: In the figure, red boxes mark missed
crack detections, and green boxes mark false crack detections.

However, in the third-row sample, the improvement of the proposed model was
relatively limited compared with DeepLabv3+ and Transformer-based models such as
CrackFormer, CT-CrackSeg, and UCTransNet. This can be partly attributed to the strong
contextual modeling capabilities of these comparison methods. Specifically, DeepLabv3+
contains an ASPP module, which extracts multi-scale contextual information through
atrous convolutions with different dilation rates. Meanwhile, Transformer-based models
are effective in modeling long-range dependencies and can capture the overall orientation
and global structural information of cracks over a large spatial range. Therefore, these
methods already have strong segmentation capability for cracks with relatively clear
morphology, large scale, or obvious continuity.

In addition, the crack in the third-row sample exhibited a long and continuous struc-
ture, and its main contour was relatively easy to identify. In this case, the performance
differences among models were mainly reflected in the edge details and local continuity,
rather than in the ability to detect the main crack body. Therefore, the advantages of
the proposed model were more pronounced in challenging samples with low contrast,
small cracks, local discontinuities, and strong interference from complex backgrounds. For
large-scale cracks with clear continuity and well-defined global structures, ASPP-based and
Transformer-based models can already provide strong contextual modeling capabilities,
resulting in relatively small qualitative differences among different methods. This also
indicates that the proposed method is not intended to replace the strengths of existing
models in all scenarios; rather, it focuses on reducing missed detections and discontinuous
segmentation in low-quality crack images.

Compared with ASPP-based and Transformer-based models, the advantage of the
proposed method was more evident in samples where the crack response was weak, locally
discontinuous, or strongly confused with pavement texture. In such cases, global context
alone may identify the main crack direction, but the proposed combination of directional
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attention, strip-based multi-scale extraction, and adaptive cross-layer fusion helps preserve
local crack continuity and weak boundary details.

5.2. Generalization Analysis and Dataset Bias in Road Crack Segmentation

Although the model proposed in this study achieved competitive results on both
Crack500 and GAPS384 datasets, its generalization ability still needs to be carefully dis-
cussed. This study mainly focused on the task of road crack segmentation, especially on
low-quality road crack images with complex pavement texture, blurred crack boundary,
low contrast, and background interference. Many images in the Crack500 dataset contain
complex pavement textures, diverse crack patterns, and weak crack edges. These factors
increase the difficulty of crack segmentation. In contrast, GAPS384 places more emphasis
on crack segmentation under low-quality imaging conditions, such as weak crack features,
low contrast, stains, and background noise. Therefore, the proposed model maintains
relatively stable performance on both datasets, indicating that it has certain adaptability to
different road crack image conditions.

The performance consistency on the two datasets is related to the way the proposed
components adapt related designs to low-quality crack segmentation. Compared with
conventional channel–spatial attention modules, TDIA explicitly models pairwise interac-
tions among the channel, height, and width dimensions, which helps preserve directional
continuity in slender cracks. Compared with the conventional ASPP structure, MDFF uses
grouped strip dilated convolutions to extract elongated crack features at multiple receptive-
field scales while reducing the background responses introduced by square receptive fields.
Compared with decoder strategies that mainly combine shallow and deep features, the hier-
archical integration branch with DASI introduces intermediate-layer guidance and adaptive
selection, which helps retain local crack details while maintaining semantic discrimination.
These designs target common difficulties in low-quality road crack images, including weak
crack responses, complex pavement textures, and discontinuous crack structures.

However, the current results are more suitable to be understood as evidence of the
performance consistency of the model on two road crack datasets, rather than proof of the
generalization ability of the complete cross-dataset in a strict sense. In this study, the models
were trained and tested on Crack500 and GAPS384, respectively. Therefore, these results
show that the network structure proposed in this study is effective under two different
road crack datasets, but it cannot fully prove that the model trained on one dataset can be
directly migrated to another unseen dataset without retraining. In actual road inspection,
the data distribution may change significantly due to differences in pavement materials,
camera parameters, shooting height, vehicle speed, lighting conditions, weather conditions,
and regional road characteristics. These factors may introduce domain offset problems that
are not fully covered by these two public datasets.

In addition, the application scope of the proposed model also needs to be clearly
defined. The proposed model is designed for road pavement crack segmentation tasks,
especially for low-quality road crack images. Its effectiveness on other types of crack
datasets, such as bridge cracks, concrete surface cracks, tunnel lining cracks, wall cracks,
or industrial material cracks, has not been fully verified. These crack images may have
different surface materials, shooting distances, crack widths, background textures, and
labeling standards. Therefore, although the proposed model performed well on the road
crack dataset, there may still be some limitations when it is directly applied to other crack
segmentation scenarios.

Future work should further improve the generalization of the crack segmentation
model to adapt to more diverse external crack datasets. In addition, data enhancement
for severe weather and complex lighting conditions and semi-supervised learning using
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unlabeled real road images also help to reduce dataset bias and improve the robustness of
crack segmentation models in practical road inspection applications.

5.3. Practical Deployment Considerations

The proposed model is designed for road crack segmentation, especially for low-
quality crack images with complex pavement textures, weak crack boundaries, and low
contrast. From the perspective of practical deployment, this method has potential appli-
cation value in vehicle-mounted road inspection systems equipped with high-definition
cameras. In such systems, road surface images can be collected continuously by inspection
vehicles and then processed by the segmentation model to locate crack regions automati-
cally. The predicted crack masks can provide basic information for subsequent pavement
condition assessment, crack length and area estimation, and maintenance decision-making.

The computational complexity results also indicate that the proposed model has a
certain degree of deployment feasibility. Although TDIA, MDFF, and DASI are introduced
into the network, the complete model does not lead to excessive computational burden. The
model achieved 26.72 M parameters, 59.36 G FLOPs, and an inference speed of 60.38 FPS
in the experimental environment. Compared with Transformer-based models such as
CrackFormer, CT-CrackSeg, and UCTransNet, the proposed model achieved a higher
inference speed while maintaining competitive segmentation performance.

However, practical deployment involves more than model accuracy and inference
speed. In real road inspection scenarios, the segmentation results need to be further
combined with camera calibration, image stitching, localization information, and scale
conversion. For example, pixel-level crack masks should be converted into physical mea-
surements such as crack length, width, and area before they can be directly used for
pavement condition evaluation. When vehicle-mounted cameras are used, GPS or inertial
measurement information is also required to associate detected cracks with specific road
locations. Therefore, the proposed model should be regarded as a core perception com-
ponent of an automatic road inspection system, rather than a complete road maintenance
solution by itself.

In addition, the current experimental environment is different from real deployment
conditions. The FPS reported in this study was measured under specific hardware and
image resolution settings, and the actual inference speed may vary when the model is
deployed on embedded devices, edge computing platforms, or vehicle-mounted processors.
Moreover, real road images may be affected by motion blur, strong shadows, nighttime
illumination, rainy or wet surfaces, road markings, repaired pavement areas, and occlusions
caused by vehicles or debris. These factors may reduce the reliability of crack segmentation
and increase the risk of false positives or missed detections. Therefore, further validation
using real vehicle-mounted inspection data is still necessary.

For future deployment, model compression and system-level optimization should be
further investigated. Techniques such as pruning, quantization, knowledge distillation,
and lightweight backbone replacement may help reduce computational costs and improve
inference efficiency on resource-constrained devices. In addition, integrating temporal
information from continuous road video frames may improve segmentation stability and
reduce frame-level noise. Future work should also combine crack segmentation with dam-
age quantification, geographic localization, and pavement maintenance decision systems
to promote the practical application of deep learning-based crack detection in intelligent
transportation infrastructure.
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6. Conclusions and Future Work
In this study, a crack segmentation model for low-quality pavement crack images was

proposed. In the framework based on DeepLabv3+, feature interaction, anisotropic multi-
scale feature extraction, and hierarchical feature fusion are integrated. The model mainly
includes three components: a three-dimensional interactive attention module (TDIA), a
multi-group dilation feature fusion module (MDFF), and a dimension-aware selective fu-
sion module (DASI). The experimental results on the Crack500 and GAPS384 datasets show
that the proposed method can improve the overall segmentation performance, especially in
recall and F1-score, indicating that the model helps to reduce the missed detection of weak
cracks, small cracks, and discontinuous cracks. The ablation experiment, attention compar-
ison experiment, and model complexity analysis further show that the method achieves
a performance improvement at a reasonable computational cost, rather than relying on
excessive model size.

From the perspective of architecture design, the proposed framework can be under-
stood as a task-oriented response to the main difficulties in low-quality crack segmentation.
TDIA explicitly models the interaction between the three dimensions of channel, height,
and width, which helps to maintain the directional continuity and spatial positioning ability
of slender cracks. MDFF uses grouped strip dilated convolution to replace the traditional
full-channel square dilated convolution to reduce the introduction of surrounding road
texture noise while achieving anisotropic multi-scale feature extraction. DASI further en-
hances the hierarchical feature selection ability. By adaptively fusing shallow, middle, and
deep features, the model maintains strong semantic discrimination ability while retaining
local fracture details. Therefore, these three modules are not simply stacked but have
complementary effects, corresponding to three aspects: direction positioning, multi-scale
slender structure modeling, and cross-layer feature selection.

Nevertheless, there are still some limitations in this study. The current verification
was mainly based on two public road crack datasets, which have not been fully verified in
a wide range of real inspection scenarios. Future work will further validate the proposed
methods in more diverse and challenging scenarios, including cross-domain road images,
different road materials, nighttime lighting, rainy or slippery roads, motion blur, shadows,
and occlusion. In addition, deployment verification based on a UAV or vehicle platform
should be carried out to evaluate the real-time performance and robustness of the model in
the actual inspection system. Future research can further combine crack segmentation with
physical damage quantification, geolocation, and pavement maintenance decision-making
systems so that pixel-level crack masks can be transformed into actual decision-making
information that can be used for intelligent transportation infrastructure management.
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