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Abstract

Road surface cracks are the most common and significant diseases in pavement inspection. However,
the presence of crack-like edges on objects such as water stains, fallen leaves, and ruts often result in
the false detection of road cracks. To better recognize pseudo-cracks, we first construct a novel dataset
containing real pseudo-crack images for training and evaluation. To distinguish pseudo-cracks within
images, a gradient prior is introduced to enhance the network’s perception of the detailed changes in
crack edges, thereby improving its crack localization capability. Next, a self-attention mechanism is
employed to focus on the extraction of global crack features, effectively mitigating interference from
pseudo-crack features. Subsequently, deep global semantic features are fused with shallow detail
features through dense connections, enriching feature extraction while circumventing the issue of
edge gradient disappearance often encountered in deeper networks. Finally, the concatenation of deep
global features with shallow detail features enhances the utilization of effective features, enabling
robust pseudo-crack removal and preserving the continuity and integrity of the detected cracks. To
validate the effectiveness of the proposed approach, we conduct comparative experiments with several
crack detection methods across multiple dataset. The results demonstrate that our method achieves
superior performance in both quantitative indicators and visual effects.

Keywords: crack detection; pseudo-crack removal; image segmentation

1. Introduction
The advent of smart cities has driven road inspection departments to utilize automated inspection

equipment to obtain surface images of concrete structures, such as bridges and roads. Subsequently,
the images are analyzed by intelligent inspection systems to monitor the health of these structures. The
timely detection and repair of road problems, such as cracks and honeycomb pockmarks on concrete
pavements, is of paramount importance for effective road maintenance [1]. However, interference
from objects such as fallen leaves, water stains, and rutting complicates the analysis of road surface
images. The edges of these objects often resemble actual cracks, leading to false positives and missed
detections [2,3]. Such misidentification impairs the ability of inspection personnel to accurately assess
road surface conditions and may delay the detection of potential safety hazards, particularly on
concrete bridge pavements. Therefore, enhancing the recognition system’s ability to distinguish
pseudo-cracks, eliminate their interference, and accurately extract continuous and complete crack
structures is of significant research importance.

The development and application of artificial intelligence is becoming a key trend in road mainte-
nance, with the incorporation of such technology into concrete pavement image inspection systems [4].
Currently, most concrete pavement crack detection methods use traditional fully convolutional neural
networks (FCNNs), such as U-Net and VGG16. These methods are typically trained and tested on road
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images with relatively clean backgrounds and minimal interference, which limits the algorithm’s gen-
eralization ability and the effectiveness in actual pavement crack detection. Issues such as incomplete
and discontinuous crack and pseudo-crack are common.

A minority of automatic concrete pavement crack detection technologies employ improved FC-
NNs, which can overcome the limitations of traditional FCNNs. This results in enhanced semantic
segmentation, thereby enhancing the accuracy of crack recognition and the efficiency of detection.
However, the majority of these improved FCNNs continue to undervalue the significance of infor-
mation transmission between multiple encoders and decoders. The encoder-decoder structure often
relies on a simple cascade relationship and fails to build correlations between the output information
of adjacent encoders. This results in the loss of detailed features, which in turn leads to problems with
insufficient image features and the inability to eliminate pseudo-cracks in complex environments, as
shown in Figure 1. For a clearer comparison, we marked the crack area (i.e., green box) to illustrate
the completeness of the detection, and the non-crack area (i.e., red box) to illustrate the method’s
anti-interference ability to pseudo-cracks. We can see that the comparison methods are failed under
the interference of tree branches, while our methods get more integrity and robust crack detection
results.

Ours DeepCrackGround TrueImage
DeepCrack

Hierarchical

Figure 1. Comparison with several state-of-the-art crack detection methods on pavement images, including
DeepCrack [5] and Hierarchical DeepCrack [6].

To effectively remove the pseudo-crack, we propose a data-driven pavement crack detection
algorithm that integrates gradient prior and dense connection. There are many pseudo-cracks in real
concrete crack images, such as water stains, fallen leaves and shadows. We construct a dedicated
pseudo-crack pavement dataset and adopt a data-driven approach to enhance the crack detection
system’s ability to recognize and remove pseudo-cracks. By incorporating gradient priors, attention
mechanisms, and dense connections, the proposed method improves the model’s capacity to differen-
tiate true cracks from pseudo-cracks, thereby reducing false detections and enhancing the integrity,
continuity, and accuracy of crack identification.

The main contributions are as follows:

• A dataset comprising pseudo-crack images is constructed for training and evaluation; The gra-
dient prior is introduced to enhance the localization ability of tiny cracks while accelerating the
extraction of network self-learning features;
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• The encoder introduces dense connections and self-attention, which enables the network to focus
on the extraction of multi-scale features and global features, thereby improving the network’s
ability to distinguish pseudo-cracks;

• The decoder employs a concatenation of multi-scale crack feature maps to integrate shallow
detail features and deep semantic features, thereby obtaining a more accurate and complete crack
segmentation result.

The remainder of this paper is organized as follows. Section 2 briefly describes the related works
on morphology-based and deep learning methods for crack detection. In Section 3, we introduce our
proposed gradient prior in detail, including the gradient prior, self-attention mechanism and dense
connections. Section 4 illustrates the crack detection performance of our method in comparison with
other alternatives on the collected crack dataset, followed by some concluding remarks in Section 5.

2. RelatedWork
2.1. Morphology-Based Crack Detection

In comparison to grayscale information regarding cracks, the morphology of cracks, such as
crack contours, topological structures, and continuity, more accurately describes their characteristics
and is less susceptible to interference from complex backgrounds. The edge of an object typically
exhibits significant gray-scale changes, which can be measured by gradient operators. The most
commonly employed gradient operators are Sobel, Prewitt, and Laplacian. However, when these
gradient operators are used directly for edge detection, they are susceptible to being influenced by
background noise [7,8]. The Canny operator, proposed as an optimization of the aforementioned
gradient operators, is a widely used method for object edge detection due to its ease of implementation,
high efficiency, and high precision [9,10]. Despite these advantages, the Canny operator struggles to
identify small and smooth edges and is susceptible to noise [11].

Due to the intricate topological structure of cracks, it is possible to consider them as connected
graphs composed of individual pixels. Among the image segmentation methods based on graph
theory, the classic algorithms include GraphCut [12], NormalizedCut [13] and GrabCut [14]. Wang et
al. [15] proposed an image segmentation method that integrates graph theory and guided filtering.
Payab et al. [16] focuses on crack detection based on graph theory. The image skeleton is initially
extracted, after which the connected components are identified and the endpoints and branch points
of the crack group are located. For each crack group, a connectivity matrix is established, and a tree
diagram is created. Finally, the path of the crack is traced from the starting point to the endpoint, and
its geometric features, including length, average width, and overall direction, are determined. Building
on minimal path selection, Kaddah et al. [17] proposed a more efficient unsupervised crack detection
algorithm, which significantly reduced the computation time. However, morphological methods still
encounter difficulties in segmenting cracks in road images with complex textures, and they often
require manual intervention to configure the algorithm, which consumes significant manpower and
material resources.

2.2. Deep Learning for Crack Detection

In recent years, deep learning has been widely used in various image processing fields due to
its remarkable capacity for generalization and feature extraction. In theory, it can be used to fit any
function, thereby enabling the solution of a multitude of complex real-world problems. The rapid
development of neural networks for detection tasks has led to the widespread use of CNNs in the field
of crack detection. Compared to traditional image processing methods, CNNs possess self-learning
capabilities and do not require manual feature design [18]. Furthermore, the performance of the
majority of CNNs is less susceptible to variations in image quality, camera type, and imaging distance.

The fully connected layers of classic CNNs have a substantial number of parameters, require
a fixed input image size, and are unable to preserve spatial information. Long et al. [19] replaced
the final fully connected layer of CNNs with a convolutional layer, enabling the network to handle
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pixel-level tasks and perform end-to-end training. To improve the segmentation precision of tiny
cracks, Tiny-Crack-Net [20] uses a residual network to capture the local features of tiny cracks and
introduces a dual-head attention module to better separate tiny cracks from the background. Based on
the encoder-decoder framework, Yang et al. [21] use a progressive context fusion module to aggregate
features of adjacent scales, supplement lost detail features, and obtain more global context features.
Additionally, a dynamic weight learning module was put forth as a means of augmenting the network’s
capacity to fuse features of disparate scales. Liu et al. [5] incorporated an upsampling side output
layer into the VGG16 to achieve network supervision and accelerate convergence. Subsequently, the
fused images of all side output layers are optimized through conditional random fields and guided
filtering, thereby obtaining the final fusion prediction map. The experimental results demonstrate
that the F1-score of the DeepCrack network is significantly improved compared to networks such as
SegNet [22] and HED [23], and it performs well in detecting cracks with a width of only a few pixels.

2.3. Attention and Dense Connections

The attention mechanism enables neural networks to emulate the human capacity to focus on
key areas in input images while ignoring less relevant areas, thereby improving overall performance
and efficiency. Al-Huda et al. [24] introduced a dual attention mechanism (DAM) between the U-Net
encoder and decoder, integrated multiple loss functions as the network’s loss function to optimize the
network. The network proposed an asymmetric dual decoder CNN based on U-Net. Guo et al. [25]
uses two U-Net structures to address the shortcomings of inaccurate crack boundaries and blurred
edges in prediction results. The initial U-Net locates the crack area and generates a rough prediction,
which is then integrated with the output of the edge adaptation module and fed into the second U-Net
for more refined crack detection. However, this network requires manual adjustment of the penalty
weights for the various types of crack in the loss function. Gao et al. [26] further introduced the atrus
spatial pyramid fusion attention module in U-Net to mitigate the impact of non-crack interference
in road crack images on crack detection. Additionally, they constructed a remote sensing road crack
dataset using UAV. However, due to the limitations of UAV image acquisition distance and imaging
conditions, the mIoU and F1-scores of the proposed method are not ideal.

Dense connections facilitate the fusion of features of different depths, enabling the extracted
features to incorporate both shallow detail and deep semantic information. The encoder of U-Net
consists of convolutional layers and max pooling layers, while the decoder consists of upsampling
layers and skip connections [27]. U-Net is a variant of FCNNs, that offers several advantages, including
simplicity, efficiency, ease of understanding, and ease of construction. Furthermore, it can be trained
using relatively small datasets. It is important to note that while FCNNs fuse features by adding the
corresponding position values of feature maps, U-Net fuses features by concatenating the number of
channels. Jing et al. [28] introduced a convolutional attention module (CBAM) that combines channel
attention and spatial attention in the encoder and decoder of U-Net, and proposed the AR-UNet
network model. The CBAM has proven effective in extracting both global and local detail information,
resulting in favorable outcomes on current public datasets. Similarly, Li et al. [29] established a new
crack detection model, ATCrack, based on the U-Net architecture by introducing a channel attention
module in the encoder and adding a spatial attention module in the decoder. The integration of
these two attention modules has been demonstrated to enhance the model’s capacity for local feature
extraction and background noise suppression.

In order to solve the problem of low crack detection accuracy of existing models in complex envi-
ronments, Liang et al. [30] proposed an end-to-end crack segmentation network model CSNet, which
integrates parallel dilated convolution, multi-scale context fusion module and attention mechanism.
In order to obtain multi-scale local information and effectively aggregate deep features to increase
the model’s perception of cracks, Hang et al. [31] proposed an attention-based feature fusion network
model AFFNet, which uses the vertical horizontal compression attention module to integrate vertical
and horizontal information, and then achieves selective concentration on crack features through the
context information provided by the efficient channel attention upsampling module.
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CNNs are constrained by the receptive field of the convolution kernel, limiting them to extracting
only local features. In contrast, self-attention enables the extraction of global features, thereby improv-
ing the anti-interference ability against local pseudo-crack features. In light of the above considerations,
we incorporate the self-attention mechanism into the encoder of our method, with the objective of
enhancing the global feature perception ability.

3. Proposed Method
3.1. The Architecture of Detection Network

The structure of our crack detection network is shown in Figure 2, and comprises three primary
components: the gradient prior, the encoder, and the decoder. The gradient prior enhances the edges of
tiny cracks and improves the network’s ability to locate cracks. The encoder incorporates self-attention
and dense connections, enabling it to focus on extracting global and multi-scale features, thereby
enhancing the network’s ability to distinguish pseudo-cracks. The decoder concatenates multi-scale
crack feature maps to achieve the fusion of shallow detail features and deep semantic features, resulting
in a more accurate and complete crack segmentation map.

Image Input

Gradient Prior

Non-local

Non-local

Encoder Decoder

C

1×1 Conv

Image Output

Non-local

C

Figure 2. The architecture of our method, and comprises of three primary components: the gradient prior, the
encoder, and the decoder. The gradient prior will be introduced later.

3.1.1. Gradient Prior

The feature map of the neural network is generated by applying the self-learning convolution
kernel to the output of the preceding layer. A greater value in the feature map indicates greater
confidence in the feature described by the convolution kernel at that specific position. The shallow
layers of the neural network are responsible for learning detailed features such as edges, which are
crucial for crack segmentation. Consequently, we introduce gradient prior as part of the network
input, which helps the network focus on edge features and accelerates the self-learning process of the
convolution kernel.

The Sobel and Laplace operators are two common gradient operators used for edge detection
in image processing. The Sobel operator, a first-order differential, is employed primarily for the
approximate gradient calculation of image gray-scale. In contrast, the Laplace operator, a second-order
differential, is designed to identify abrupt changes in image gray-scale rather than areas with gradual
gray-scale changes, offering stronger edge positioning capability. Therefore, our method introduces
a gradient prior, as shown in Figure 3. The gradient prior is a combination of both the Sobel and
Laplace operators. The image gradient information extracted by the Sobel operator retains strong
texture features, while the Laplace second-order differential operator captures finer-grained texture
features. This gradient prior compensates for the loss of detail information in concrete pavement
images, enhancing the neural network’s ability to segment and identify cracks, and ensuring more
complete and continuous crack extraction in concrete pavement images.
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Image Input Encoder
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Figure 3. The architecture of gradient prior. ’3× 3 64’ means the kernel size is 3 × 3, the channel is 64 in a
convolutional layer.

3.1.2. Encoder

As illustrated in Figure 3, the encoder comprises three components: a two–layer encoding convo-
lutional layer, dense connections, and self-attention. The subsequent convolutional layer performs
a second convolution operation on the previous output, thereby obtaining the feature map to be
encoded.

Dense Connections: To address the problem of insufficient feature extraction in crack detection,
our method introduces encoders and decoders connected in a specialized dense connection mode.
Shallow neural networks extract local features such as texture, edges, and other detailed information,
whereas deep networks extract more abstract semantic information. The specialized dense connection
mode proposed by our method propagates deep features to shallow layers, thereby combining the
abstract global features of the deep layer with the detailed features of the shallow layer. This approach
enables the reuse of effective features. Dense connections enhance the utilization of effective features,
thereby enriching the feature information extracted by the network while avoiding issues such as slow
training speed and gradient vanishing caused by deepening the network.

Nonlocal: To address the problems of incomplete and discontinuous crack detection and pseudo-
crack interference, our method incorporates a self-attention mechanism into the encoder. This mecha-
nism enhances the network’s ability to extract and learn global features by calculating the correlation
between each pixel in the input feature map and all other pixels. The incorporation of a nonlocal mech-
anism enhances the network’s capacity to identify and eliminate pseudo-cracks, thereby improving
the accuracy of crack detection.

The self-attention mechanism is typically incorporated into the neural network structure for crack
detection through a stacking method. However, this approach may result in the network losing the orig-
inal convolutional layer outputs, which could lead to segmentation results that focus more on global
features while losing shallow detail features, which are crucial for crack extraction. Therefore, our
method preserves the convolutional outputs of different layers by means of concatenating connections.
The deep encoder is capable of extracting deep semantic information, such as edge contours, color,
shape, and other crack features. We add the attention mechanism only after the concatenated output
of the deep encoder, ensuring that the decoder focuses more on key information and reduces attention
to irrelevant information. This approach not only increases the utilization of effective features but also
overcomes the problem of global information interfering with the encoder’s deep feature extraction.
This approach enables the network to learn deep semantic features in a more comprehensive and
accurate manner.

Moreover, the self-attention mechanism can easily learn deep semantic features containing noise,
which can interfere with image segmentation results and reduce the model’s generalization. To address
this issue, our method places the self-attention layer before the decoding convolution layer. The decon-
volution operation of the decoding convolution layer can then decide whether to superimpose the deep
semantic features learned by the self-attention layer while retaining the original network’s features.
This approach avoids the interference of noisy deep semantic information on image segmentation
results and enhances the network model’s generalization and robustness.
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3.1.3. Decoder

The decoder is composed of five sequentially stacked decoding blocks. The function of these
decoding blocks is to perform channel concatenation and deconvolution on the output of the cor-
responding encoder and the subsequent encoder, thereby generating the crack feature map of the
pavement image.

The multi-level convolutional layers are capable of extracting both detailed and global features of
the image. Shallow convolutional layers are proficient at extracting detailed features, which are crucial
for maintaining the integrity of crack outlines and edges. However, it is possible that they may also
misinterpret noise edges as cracks. In contrast, deep convolutional layers are better able to extract
global features more accurately and effectively separate cracks from the background. However, the
excessive number of pooling layers in deep convolutional layers results in the loss of most detailed
information, leading to relatively blurry edge extraction of cracks. Therefore, our method utilizes
a deconvolution layer to restore the output of different convolutional layers to the size of the input
image. Subsequently, the results are concatenated by channel and subsequently passed through the
convolutional layer to obtain more comprehensive crack detection results.

Furthermore, in order to guarantee the stability of the network structure, a normalization layer is
incorporated after each convolutional layer, followed by an activation function. The normalization
layer normalizes each batch of data, which can accelerate model convergence and mitigate the issue of
scattered distribution of deep network features. The activation function used is the ReLU function,
which performs nonlinear activation following each convolution operation.

3.2. Loss Function

In the conventional approach to CNNs, the model’s loss function is typically calculated based on
the output of the final convolutional layer. This results in the loss of local detail information obtained
by the shallow convolutional layers. In contrast, we employ a different methodology, whereby the
sum of the prediction result loss from each convolutional layer, from Conv1 to Conv5, along with the
final fusion (Fuse) prediction result loss, is used as the final loss for the entire network model. The
loss functions for the prediction results of each convolutional layer and the final fusion stage can be
expressed as follows: 

Lside(x, y) =
M

∑
m=1

λml(m)
side(x, y),

L f use(x, y, w) = l f use(x, y, w),

(1)

where m is the index of the convolutional layer, x denotes the input image, y represents the labeling
image, and λm denotes the prediction loss weight of each convolutional layer, which can be adjusted
as a hyperparameter. The loss function is denoted as l(x, y). w = (w1, ..., wM) is the fusion weight. In
authentic crack images, the proportion of pixels representing cracks to the total number of pixels is
typically quite modest. When the gradient descent method is employed to minimize the loss function
of the traditional cross-entropy, the background color pixels tend to dominate the optimization process,
while the effect of the foreground color pixels on the loss function is relatively minor. Therefore, we
employ an extended version of the Focal loss [32] as the loss function, with the following expression:

l(x, y) =

−α(1 − p)γlog(p) if y = 1,

−(1 − α)pγlog(1 − p) otherwise,
(2)

where the pixel belongs to the background color if y = 1. Conversely, if y ̸= 1, it is deemed to represent
a crack in the image. The parameter α serves the function of a balancing factor, which is utilized to
adjust the weights of positive and negative samples within the loss function. Given that the number of
background pixels is typically much larger than the number of crack pixels, it is necessary to increase
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the contribution of the crack pixels to the loss function by adjusting the weights. The value of α is
typically set to 0.25.

The dataset comprises two distinct categories of crack images: those that are readily identifiable
due to their clear boundaries and the absence of pseudo-cracks, and those that present greater chal-
lenges due to the presence of pseudo-cracks and significant interference. As the weight γ increases,
the contribution of easily distinguishable samples to the total loss decreases. The adjustment factor γ

is employed to balance the training process, with the typical value set at 2. This adjustment ensures a
balanced training process that takes into account both simple and challenging crack images.

Therefore, the loss function for each convolutional layer’s prediction result and the loss function
for the final fusion (Fuse) prediction result are expressed as follows:

L = Lside(x, y) + L f use(x, y, w), (3)

In conclusion, our method enhances the segmentation efficacy of concrete pavement cracks and
can expeditiously, efficiently, and accurately identify cracks in concrete pavement images with high
usability.

4. Experiment
4.1. Implementation Details

The proposed method is optimized using Stochastic Gradient Descent (SGD) with the following
parameters: a batch size of 1, a momentum of 0.9, a weight decay of 2e−4, the number of training
iterations of 1.5e5, and an initial learning rate of 1e−4. The proposed method is implemented using the
PyTorch library with Python 3.6 on the Ubuntu 18.04 operating system. All training and testing are
conducted within the same hardware environment with Intel(R) Xeon(R) Silver 4210R CPU @ 2.40GHz
and NVIDIA GeForce RTX 3090 GPU.

4.2. Crack Datasets

DeepCrack [5] provides a dataset with 537 images for concrete crack segmentation, but the
majority of them have no noise. However, there are many non-crack noise in reality concrete crack
images, such as water stains, fallen leaves and shadows. Therefore, a new dataset of 501 crack images
with common crack-like noise was created for crack detection and segmentation which are taken on the
campus. As shown in Figure 4, it can be seen that most of them contain interference noise to increase
the diversity of the samples. Furthermore, all the images are coherently resized to 544 × 384 pixels,
each with a pixel-wise annotation map.

(a) Image (b) Ground Truth

Figure 4. Some representative samples in our dataset. There are many non-crack noise in concrete crack images,
such as water stains, fallen leaves and shadows.
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To address the issue of having fewer images and limited human resources for manual annotation,
the original 544 × 384 pixel images are rotated at 45◦ degrees, a total of 8 times. Then horizontal
flipping is applied to each rotated image. As a result, the number of images used for training is 16
times large than the original dataset. Finally, the newly proposed dataset and the DeepCrack dataset
are merged to create the DeepCrack-AUG dataset.

The remaining three datasets are employed to evaluate the models that have been trained on
the DeepCrack-AUG dataset. CRACK500 is presented in [33], and it comprises a substantial number
of crack images. The dataset has 3,368 images with pixel-level annotated binary maps collected on
Temple University’s main campus using cell phones [34]. Crackdataset [35] consists of 225 pavement
survey images from 14 cities. Specifically, the Crackdataset contains 150 images of non-cracks. The
CrackForest Dataset (CFD) is proposed in [36,37], which includes 118 urban road crack images with
pixel-level annotations.

4.3. Evaluation Criteria

To investigate the effectiveness of the models, the F1-score, ACC (Accuracy), ODS (Optimal
Dataset Scale), AUC(Area Under Curve), mIoU(Mean Intersection over Union), mPA(Mean Pixel
Accuracy) and AP (Average Precision) are used to quantitatively evaluate the comparison results. For
all these metrics, higher values signify better performance. The ODS represents the optimal F1-score
obtained by setting the same threshold for all images within the dataset. AUC represents the area
under the ROC curve. The mIoU measures the average overlap between the predicted segmentation
and the ground truth for all classes. The calculation formulas for ODS [4] is as follows:

ODS = max
ß

2
Pt × Pt

Pt + Rt
: t = 0.01, 0.02, . . . 0.99

™
, (4)

where the symbol t represents the threshold, the variable N refers to the number of images in the
dataset, and the index i is used to identify individual images. Pt and Rt represent the precision and
recall respectively. The values of Pi

t and Ri
t are calculated for image i. The calculation formulas for

mIoU is as follows:

MIoU =
1

k + 1

k

∑
i=0

pii

∑k
j=0 pij + ∑k

j=0 pji − pii
, (5)

where pij represents predicting class i as class j.

4.4. Comparison Experiment on Our DeepCrack-AUG Dataset

To comprehensively evaluate the proposed algorithm, we compare our method with six state-
of-the-art approaches, including two specialized crack detection approaches, i.e., DeepCrack [5]
and Hierarchical DeepCrack [6], three general segmentation approaches, i.e., DeepLabv3+ [38], Seg-
former [39] and Segnet [22], and one medical image segmentation approache, i.e., UNet [27]. The
DeepCrack-GND is the proposed model that incorporates the gradient block, non-local block and
dense connection. The Hierarchical DeepCrack uses an encoder-decoder architecture implemented
on SegNet, and the extracted features from the encoder and decoder networks are pairwise fused at
the same scale. DeepLabv3+ is a semantic segmentation network that improves spatial accuracy and
context understanding by integrating atrous spatial pyramid pooling and encoder-decoder architecture.
SegNet represents a conventional deep convolutional encoder-decoder architectural approach, whereas
Segformer is a pioneering transformer-based model. UNet is for biomedical image segmentation and is
characterized by its U-shaped structure with symmetrical encoder and decoder paths. The DeepCrack-
AUG dataset is partitioned into a training set and a test set with a ratio of 7:3, and then employed to
train and test the aforementioned models.
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4.4.1. Quantitative Comparison

The PR curve of the seven models is plotted according to the experimental results with different
thresholds, as shown in Figure 5. The horizontal and vertical coordinates of the PR curve represent
recall and accuracy, respectively. It can be observed that the DeepCrack-GND curve consistently lies
above the other curves and achieves the best F1-score. The F1-score, which is the harmonic mean of
precision and recall, takes into account both the accuracy and the recognition ability of the model [40].
A higher F1-score indicates a better overall performance of our model. When tested on the DeepCrack-
AUG dataset, the proposed model achieved higher values in Accuracy(98.45), ODS (84.76), AUC (99.0),
mIoU(86.49), mPA(90.7) and AP (94.09), compared to the other models, as shown in Table 1. The results
demonstrate that our method is more effective than specialized crack detection approaches, namely
DeepCrack and Hierarchical DeepCrack. Additionally, on our proposed dataset, it demonstrates that
the proposed method produces superior outcomes compared to state-of-the-art image segmentation
approaches, including DeepLabv3+, Segformer, SegNet, and UNet.
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Figure 5. The PR curve of compared models, including DeepCrack-GND (Ours), the Original DeepCrack [5]
model, Hierarchical DeepCrack [6] model, DeepLabv3+ [38] model, Segformer [39] model, Segnet [22] model and
UNet [27] model.

Table 1. The ACC (Accuracy), ODS, AUC, mIoU and mPA of compared models on DeepCrack-AUG dataset. Red
represents the best result.

Methods ACC(%) ODS(%) AUC(%) mIoU(%) mPA(%) AP(%)
DeepCrack Origin 97.05 82.60 96.0 78.19 88.0 85.15

DeepCrack Hierarchical 98.15 79.39 94.7 81.13 85.84 91.89
DeepLabv3+ 98.21 80.89 98.84 82.03 87.36 91.40

Segformer 98.31 82.25 99.0 83.12 88.94 91.20
Segnet 97.99 77.05 93.28 79.30 83.48 92.06
UNet 98.41 84.24 99.0 82.97 85.96 94.07
Ours 98.45 84.76 99.0 86.49 90.7 94.09

4.4.2. Qualitative Comparison

The qualitative comparison of the methods on the DeepCrack-AUG datasets is shown in Figure 6.
For a clearer comparison, we marked the crack area (i.e., green box) to illustrate the completeness of
the detection, and the non-crack area (i.e., red box) to illustrate the method’s anti-interference ability
to pseudo-cracks. In terms of pseudo-crack removal, the proposed methods is capable of effectively
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distinguishing block spots (first row), fallen leaves and fallen branches (fourth and sixth rows), whereas
other models tend to misclassify these as cracks, such as DeepCrack, Hierarchical DeepCrack and
DeepLabv3+.

11296-23
11302-2
IMG_5375

(IMG2_14_7)
IMG_5490
IMG_5371
IMG_5512

Ours
DeepCrack

Original
Ground TrueImage

DeepCrack

Hierarchical
DeepLabv3+ Segformer Segnet UNet

Figure 6. The detection results of compared models on the DeepCrack-AUG datasets.

As illustrated in the green boxes in the first and second rows, other models frequently suffer from
incomplete detection to varying degrees. In contrast, our proposed model demonstrates consistent
capability to identify complete cracks under various conditions. This improvement can be attributed
to the enhancement of the network’s segmentation and crack detection capabilities through the
introduction of the gradient prior and the incorporation of dense connections, which provide richer
feature representations. The incorporation of the non-local module has enhanced the network’s
capacity to identify and eliminate false cracks. In particular, as illustrated in the first and fourth rows,
our proposed network effectively filters out false cracks caused by shadows, fallen leaves, and other
similar artifacts, without mistakenly discarding real cracks. This results in the preservation of more
complete crack structures.

It is noteworthy that DeepLabv3+ and our method demonstrate superior capabilities in preserving
the integrity of detected cracks. Unfortunately, DeepLabv3+ is susceptible to interference from the
edges of some pseudo-cracks (e.g., fallen leaves in the image of fourth row and water stains in the
image of sixth row in Figure 6). Consequently, only our method can effectively ensure a more complete
crack structure and resist the interference of pseudo-cracks simultaneously.

4.5. Comparison Experiment on Public Datasets

To evaluate the generalizability of the compared networks, the models are tested on the Crack500,
CFD and Crackdataset datasets after being trained on the DeepCrack-AUG dataset and selected as the
optimal model during the training process.

4.5.1. Quantitative Comparison

The means of ACC, ODS, AUC, mIoU, mPA and AP are computed on three datasets, as shown in
Table 2. Our proposed model achieves the highest mean Accuracy (96.27), mIoU (68.84), AP (81.46),
and sub-optimal mean ODS (59.49), AUC (94.79), mPA (81.46) which are only slightly lower than the
best. A classifier is employed to predict and classify a randomly selected positive and negative sample.
The AUC represents the probability that the score assigned to a positive sample will be higher than that
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assigned to a negative sample. As illustrated in Figure 7, the DeepCrack method (the fourth column)
detects a greater number of crack areas than our method, resulting in a slightly higher AUC. However,
our approach not only exhibits superior visual performance but also attains the best or comparable
results in quantitative index comparison when compared to these comparative methods.

Table 2. The mean of ACC (Accuracy), ODS, AUC, mIoU and mPA over datasets Crack500, CFD and Crackdataset.
Red represents the best result and blue represents the second best result.

Methods ACC(%) ODS(%) AUC(%) mIoU mPA AP
DeepCrack Origin 96.16 58.97 95.47 68.57 77.93 78.29

DeepCrack Hierarchical 96.02 54.17 84.76 59.58 62.98 80.36
DeepLabv3+ 96.22 49.03 94.65 62.46 66.50 79.10

Segformer 96.48 60.05 94.06 68.61 74.21 81.30
Segnet 95.25 38.66 93.28 55.73 58.17 80.09
UNet 96.45 53.57 92.73 63.46 66.98 79.53
Ours 96.27 59.49 94.79 68.84 77.65 81.46

4.5.2. Qualitative Comparison

The visualization of the detection results for the compared methods on the three datasets is shown
in Figure 7. As illustrated in the figure, the selected images present a considerable challenge to the
generalization abilities of these methods. For a clearer comparison, we marked the crack area (i.e.,
green box) to illustrate the completeness of the detection, and the non-crack area (i.e., red box) to
illustrate the method’s anti-interference ability to pseudo-cracks.

As the model was only tested on these datasets and not trained on them, its performance may not
be as robust as previously indicated. Notwithstanding the aforementioned limitations, the proposed
model continues to demonstrate promising results. To illustrate, the first, second, and fifth rows
demonstrate that our network is capable of detecting even minute cracks, whereas other networks
either identify only limited portions or fail to detect them entirely. It is postulated that the the dense
connections and the non-local module are believed to have enabled the network to learn a broader
range of features, thereby allowing it to perform well even when faced with new data.

Ours
DeepCrack

Original
Ground TrueImage

DeepCrack

Hierarchical

(a)

(b)

(c)

DeepLabv3+ Segformer Segnet UNet

Figure 7. The visualization of the detection results of the compared methods on the following datasets: (a) CFD
dataset, (b) Crack500 dataset and (c) Crackdataset.
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In these challenging images, only our method and the original DeepCrack are capable of detecting
cracks to a satisfactory degree of completeness. However, the original DeepCrack method has been
observed to misidentify non-crack areas as cracks, resulting in a high error rate. As shown in the
fourth image of Figure 7, the complex background can readily interfere with crack detection, leading
to suboptimal results with the original DeepCrack method. This experiment further demonstrates that
only our method can achieve complete and robust crack detection results, regardless of the tiny cracks
or complex backgrounds.

4.6. Ablation Experiment

To demonstrate the efficacy of each component, we integrated each module into the baseline
DeepCrack to conduct ablation experiments. The DeepCrack-AUG dataset is employed for the
training of each models, including baseline DeepCrack, DeepCrack-GD, DeepCrack-NL, DeepCrack-
DC, DeepCrack-GND. The DeepCrack-NL is the original DeepCrack network with non-local layers.
The DeepCrack-GD incorporates gradient features into the input image within the original DeepCrack
network. The DeepCrack-DC is based on the original DeepCrack and added dense connections.

4.6.1. Quantitative Comparison

The gradient module, non-local module, and dense connections all contribute to improved perfor-
mance, as demonstrated in Figure 8. It can be observed that the DeepCrack-GND curve consistently
lies above the other curves and achieves the best F1-score. The DeepCrack-GD and DeepCrack-NL
methods achieved suboptimal results, yet demonstrated superior performance relative to the original
DeepCrack approach. When tested on the DeepCrack-AUG dataset, DeepCrack-GND achieved higher
values in ACC (98.45), AP (94.09), ODS (84.76), mIoU (86.49) and mPA (90.72) compared to the other
models, as shown in Table 3.
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Figure 8. The PR and ROC curve of ablation studies. The DeepCrack-GD, DeepCrack-NL, and DeepCrack-DC
are derived from the baseline DeepCrack by integrating gradient prior, self-attention, and dense connections,
respectively. The DeepCrack-GND means the proposed detection network.

Methods incorporating gradient modules, non-local operations, or dense connections have shown
improved performance compared to the original DeepCrack. Our method, which integrates all three
aforementioned modules, has been shown to achieve the best overall performance. Prior to being input
into the network, the image is first processed to extract first-order and second-order gradients, which
enhances the image. The goal of this approach is to capture deep features with fine-grained detail
while retaining coarse-grained features for texture enhancement. Secondly, during feature extraction,
the non-local module improves detection accuracy by calculating the correlation between each pixel
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in the feature map and all other pixels. This allows the network to more effectively extract and learn
global feature information. Finally, to address the ineffective use of features, dense connections are
incorporated into DeepCrack. These connections integrate features from both shallow and deep layers,
fusing detailed and global information. Consequently, feature reuse results in a more comprehensive
set of extracted features.

Table 3. The ACC (Accuracy), AP, ODS, AUC, mIoU and mPA of ablation studies on DeepCrack-AUG dataset.
Red represents the best result.

Methods ACC(%) AP(%) ODS(%) AUC(%) mIoU(%) mPA(%)
DeepCrack Origin 97.05 85.15 82.60 96.0 78.19 88.00

DeepCrack-GD 98.38 93.40 83.39 99.2 86.02 90.7
DeepCrack-NL 98.40 93.68 83.58 99.1 86.13 90.62
DeepCrack-DC 98.31 94.09 82.77 98.7 85.2 89.18

DeepCrack-GND 98.45 94.09 84.76 99.0 86.49 90.72

4.6.2. Qualitative Comparison

The visualization results of the ablation experiment are presented in Figure 9. For a clearer
comparison, we marked the crack area (i.e., green box) to illustrate the completeness of the detection,
and the non-crack area (i.e., red box) to illustrate the method’s anti-interference ability to pseudo-cracks.
The DeepCrack-GND, which incorporates the gradient, non-local, and dense modules, shows superior
visualization for crack detection compared to models with only one new module added to the baseline
DeepCrack. We zoom in on the regions with the green box to illustrate the completeness of crack
detection. In addition, a salient area is highlighted by a red box to reveal the issue of non-crack regions
being incorrectly identified as cracks. It can be demonstrated that only DeepCrack-GND can ensure
the integrity of the detected cracks while exhibiting a higher ability to resist pseudo-crack interference.

(Ⅲ) (Ⅳ) ( Ⅴ )( Ⅰ ) ( Ⅱ ) (VI)

Figure 9. The detection results of ablation studies. (I) Input image. (II) Ground true. (III) DeepCrack-GND (Ours).
(IV) DeepCrack-GD. (V) DeepCrack-NL. (VI) DeepCrack-SC.
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5. Conclusion
In this paper, we propose a data-driven pseudo-cracks removal for road crack inspection system.

To address the scarcity of pseudo-crack images, we first construct a new dataset with real pseudo-
crack images for training and evaluation. To optimize the network architecture, we introduce a
gradient prior that enhances the model’s sensitivity to subtle variations along crack boundaries,
thereby improving crack-edge localization. Global crack-feature extraction is prioritized through the
incorporation of self-attention mechanisms, which effectively suppress interference from pseudo-crack
artifacts. Next, dense connections are employed to fuse deep global semantic features with shallow
detail features, strengthening representation capacity while mitigating the gradient-vanishing problem
inherent to deeper networks. Finally, the refined fusion of deep and shallow features ensures the
complete utilization of informative cues and guarantees the continuity and integrity of the extracted
cracks. Extensive experiments on our newly established dataset and several public benchmarks
demonstrate that the proposed method outperforms state-of-the-art alternatives in both effectiveness
and robustness.

However, there are also some deficient aspects that need further improved in our approach. Given
that the pseudo-cracks in some images are connected to the real cracks and share similar image features,
it is possible that our method may still result in misjudgment during the actual recognition process.
Currently, the real-time performance of the network is not yet optimal. To address this, optimizing
and adjusting the network structure is necessary to enhance processing speed and efficiency. These
problems will be explored in greater depth in forthcoming research.
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