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SUMMARY: We proposed a road defect detection method that applies deformable
convolution and context enhancement algo- rithms. Our method focuses on texture feature
extraction and fusion to enhance the defect detection capability of the model. Our method
uses deformable convolution to effectively adapt the considerable variations in shape and size
among various types of road defects. By obtaining more efficent features, our model avoids
the region of interest deviating from the ground to appear in the sky. An enhanced contextual
module is introduced to facilitate the more efficient fusion of multi-scale texture features. This
adaptation tackles the challenge of varying defect sample scales arising from the fluctuating
distance between the camera and the ground. Additionally, Our Method also incorporates the
CBAM (Convolutional Block Attention Module) to obtain supe- rior feature representation
and higher level of critical information perception by considering both spatial positional
information and channel-related details. The experimental results show that the mAP is
increased to 64.7%, and the number of parameters is reduced to 13.5M. This method not only
successfully obtains stronger defect feature expression ability, but also improves the fusion
ability of multi-scale features. The proposed model is a high-performance and low-cost road
defect detection model.
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1 Introduction

Roads infrastructure play a indispensable role in modern so- ciety. It support for people
movement and good transportation [1, 2]. by using automation technology, the cost of
regulaly road inspection tasks is reduced, the efficiency is improved, when the incidence of
traffic accidents is reduced[3]. There- fore, an efficient and accurate road defect detection
algorithms is a crucial part in road evaluation-maintenance system, or enabling automated
driving system[4, 5].

With the continuous development of deep learning, DC- NNs(Deep convolutional Neural
Networks) based method has become a popular method, because of its excellent logical
abstraction ability and feature extraction ability.

DCNN-based road defect detection methods are categorized into three types[1]: SSD
(Single Shot Multibox Detector), R- CNN, and YOLO (You Only Look Once). SSD, as a
single- stage target detection network, contains two main components: the SSD head part and
the backbone model part[6]. Gupta et al[7]. proposed a SSD model for all-weather pothole
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detection in road thermal images which uses ResNet-50 as the backbone network. R-CNN is a
two-stage target detection network. Ko- rtmann et al[8]. proposed the use of an additional
network of regional experts to determine the location of defect. And each independent RCNN
is used to identify cracks and potholes in the specified area. However, due to Faster R-CNN‘s
two-stage architecture, this model possesses a larger number of model parameters and higher
computational complexity compared to single-stage detectors. In contrast, YOLO is a single-
stage target detection network with faster speed[9]. The YOLO- based detection algorithm
segments the road image into a set of fixed-size grids, determines the position of the bounding
box by calculating the class probability of each grid. The model structure of the algorithm is
more intensive and more efficient. Baek et al[10]. focused on detecting potholes by construct-
ing a model with smaller parameter scales based on YOLOv1. Due to the additional edge
detection model excluding defects other than potholes, the model still achieves acceptable
pot- hole detection performance. Soung et al[11]. constructed a pothole detection model based
on YOLOvZ2[12], and due to the inclusion of five new anchor frames provided by the K-
means algorithm, the model is more fitting to the boundary boxes obtained from medium to
large-sized pits. Shim et al[13]. designed a lightweight semantic segmentation network.

Optimize the parameters of the model, but do not consider whether the detection speed of
the model will be affected.

In addition to model optimization, in-depth research has been conducted to address the
issue of variable defect sample scales caused by the variability of the distance between the
camera and the road surface. khwah et al[14]. applied dif- ferent variations of the YOLO_
v3[15] architecture, including YOLO_v3, YOLO_v3 Tiny, and YOLO_v3 SPP, to train a
pothole detection model. They focused on grey-scale road im- ages and aimed to address the
challenge of detecting potholes at various scales in asphalt pavement images. Jeong et al[16].
proposed three integrated learning strategies to enhance the de- tection performance of the
YOLO_v5x model. These strategies aim to address the challenge of multi-scale object
detection while considering computational efficiency. Sheta et al[17]. proposed a lightweight
convolutional neural network model to detect pavement cracks.The architecture performed
well in detecting cracks, but it cannot solve the multi-scale problem due to the varying size of
defects.Li et al[18]., proposed a method for detecting multi-scale crack features in pavement
images using densely connected and deeply supervised net- works. The approach aimed to
leverage the complementary information from features at different levels and fuse feature
maps at each scale to improve crack extraction. However, this method has a ability to extract
fine cracks in pavement images with many interfering factors.Wu X et al[19]. generate pixel-
centred blocks on several different scales and input the blocks into different convolution
operations.However, this multi-scale and multi-convolution approach is at the expense of
higher computational cost to acquire more effective crack features and improve detection
accuracy.Liu et al[20]. designed a pixel- level classification network that integrates local and
global information to enhance crack detection accuracy. The network architecture is designed
to capture richer multi-scale feature information, allowing for a more comprehensive
understanding of cracks in images.

In summary, the effectiveness of road defect features needs to continue to be improved,
and the model’s feature extraction as well as multiscale feature fusion capabilities are low
when dealing with interference tasks with similar textures.To address the above problems,
based on the YOLOv 5s model, we proposes a method that applies deformable convolution
and context enhancement algorithms to road defect detection. This method reduces the
interference of similar features, improves the feature expression ability, enhances the effect of
multi- scale feature fusion, and improves the accuracy and robustness of road defect detection.
Overall, the main contributions of this study to road crack defect detection are summarized in
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the following three parts:

1) Deformable Convolution Net(DCN) is used to improve the feature extraction ability of
the model when dealing with interference tasks with similar textures, and the detection
attention concerns are concentrated on the ground to solve the problem that the interesting
region is occasionally shifted to the sky in traditional methods.

2) Context Augmentation Module (CAM) is used to en- hance the contextual information
and solve the problem of multi-scale feature fusion in the process of road defect sample
acquisition where the distance between the camera and the road surface is not fixed.

3) CBAM is used can enhance the perception and selection of features of different
channels and spatial locations, to further improve the performance of road defect detec- tion.

This paper is structured as follows:

Section Il describes the improvement of the road defect detection model network. Section
I11 describes the experimen- tal configurations, datasets, preparatory experiments, and the
results of the experiments, and their visualization and analysis. Finally, in Section 1V, the
paper concludes and offers insights into prospects.

2 Proposed Method

2.1 Overview

Deformable convolution is introduced to improve the model’s ability to process multi-scale
images under different fields of view, and by enhancing the model’s ability to process
contextual features, so as to improve the performance of road defect detection in real scenes.
Our method is an improved model based on YOLO v5. The overall structure of the model is
shown in Fig. 1. It mainly consists of three parts: Backbone, Neck and Head. Backbone serves
as the entrance of the neural network, and its main function is to extract the road defect
features and generate rich feature map information for use by the later modules; Neck is
responsible for multi-scale feature fusion of the feature maps and delivers these features to the
prediction layer; and Head performs the final prediction.
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Figure 1: Road Defect Detection Model Based on Deformable Convolution and Context
Enhancement
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In the Backbone section, CDC module is designed and CBAM and CAM context
enhancement module are introduced. It contains several internal modules, the details diagram
of which are shown in Fig. 2. The internal module mainly consists of CBS module, which is
composed of Conv2D, BatchNorm and SiLu modules, and the CBS module is the key
component for extracting the features.Bottleneck module is composed of two CBS modules in
series, and then the residual structure is summed up with the initial input to get the output
value at last.The C3 module does two kinds of processing for the inputs respectively, one is to
obtain the output value outputl through the residual network, the other is to obtain the output
value output2 directly through the Conv convolutional network, and finally the two outputs
values are added together and then the final output value is obtained through a CBS
module.The Block module and the ConvBolock module are composed of one CBS and two
CBSs connected in series with the C3 module, respectively.
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Figure 2: detailed map

2.2 Deformable Convolution Module

Existing road detect. As shown in Fig. 3, 3x3 standard convolution versus deformable
convolution sampling locations:
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Figure 3: 3x3 standard convolution versus deformable convolution sampling locations
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The deformable convolution structure is shown in Fig. 4. The deformable convolution
extracts feature maps based on the input image using traditional convolutional kernels, and
then takes the resulting feature maps as inputs and passes through one more convolutional
layer in order to obtain the deformation offsets for deformable convolution, which is similar
to traditional convolutional neural networks. During the training process, the convolution
kernel used to generate the output features and the convolution kernel used to generate the
offsets are learned simultaneously. Our method uses DCNv3 as the core operator to improve
the network.
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Figure 4: Deformable Convolutional Structures

Traditional convolution consists of two steps:

1) sampling a regular grid R on the input feature map X X € RC>xH>W , and weighting
and summing the sampled values with weights denoted as w. The size of the grid R is the
same as the size of the sensory field, and for each position p0, on the output feature map vy,
there are:

y(Po) = 2p,er W(pn) * X(Po + Pn) €Yy

where n denotes the total number of sampling points, pn denotes the position in traversing R.

Traditional convolution operates on regular grids. In DCNv1[21],the valid regions by
adding an offsets term Apn on the regular grid R ,It allows the sampling grid to be freely
deformed and sampled at irregular and offset positions pn + Apn to extract irregular features.
The offsets are learnt from the previous feature maps by an additional convolutional layer and
are adjusted by the input x. For each position po on the output feature map y, there are:

y(Po) = Xp,erW(pPn) * X(Po + Pn + Apn) (2)

In DCNv2[22], each sample not only learns the offsets in DCNv1, but also modulates
them by the learned feature magnitudes, so that the module is able to change the spatial
distribution of the samples and their influence on each other. For each position po on the
output feature map vy, there are:
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y(Po) = k=1 Wk - X(po + Pk + Apy) - Amy (3)

where Amk is the modulation scalar at the kth position, Amk € [0, 1]. Apk and Amk can be
obtained by a separate convolution on the same input feature map x, which has the same
spatial resolution and expansion as the current convolution layer. The number of output
channels is 3K, where the first 2K channels correspond to the learned offsets Apk and the
remaining K channels are then sent to the sigmoid layer to obtain the modulation scalar Amk.
For long-range dependencies, the sampling offsets Apk are flexible enough to allow
interaction with long-range features. For adaptive aggregation, both the sampling offsets Apk
and the modulation factor Amk are learned and related to the input x.

In DCNv2, each modulation scalar is normalised by sigmoid and the modulation scalars
are in the range [0, 1], with the modulation scalar sums of all sampled points varying in [0, K].
As a result, the gradient of the output in the DCNv2 layer is unstable when training with
parameters and data that take a wide range of values. Therefore, the sigmoid normalisation for
element pairs is correspondingly changed to softmax normalisation for multiple sample points,
which achieves constraining the sum of modulation scalars to 1, making the model training
process more stable at different scales. Combined with the above modifications, the extended
DCNV2 is labeled as DCNv3[23]. For each position Apo on the output feature map y, there are:

y(Po) = Yg-1 Xhk=1Wg * Xg(Po + Px + Apgi) - Amg (4)

where G denotes the total number of aggregated groups. For the gth group, Wy denotes the
position-independent projection weight of the group, Amgk denotes the modulation scalar of
the kth sampling point in the gth group, which is normalised by a softmax function along
dimension K. Xg denotes the input feature map of the slice. Apgk is the offset corresponding to
the grid sampling position Apk in the gth group.

DCNv3 is introduced to reconstruct the CDC mod- ule.DCNv3 improves the feature
processing capability of the model by predicting the sampling offsets and modulation scales
of the input features x through separable convolution. The introduction location of DCNv3
was studied by exper- iments.The combination is shown in Fig.5, the experimental results are
shown in Table 1, and the visualisation results are shown in Fig.6.
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Figure 5: CDC module
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Table 1: Experimental results of DCNv3 combination mode

Module MAP@.5 Precision Recall Parameters GFLOPs
YOLOv5s 56.9% 62.2% 54.9% 7.03M 16.0
DC 59.1% 46.3% 51.6% 6.31M 14.4
NON-JC 59.4% 64.6% 51.7% 6.31M 14.4
JC 62.0% 63.5% 56.7% 6.31M 14.4

Figure 6: DCNv3 combination approach visualisation results

According to the experimental results, the performance of the models is improved by
adding DCN_Block module to the existing models. The experiments are done by designing
different DCN connection structures for DCN_Block and it is found that the best experimental
results are obtained by combining the (JC) combination approach. Therefore, our method used
the (JC) combination to reconstruct the CDC model.

DCNv3 is able to better adapt to complex textures and shapes, and better extract defective
texture features when dealing with interference tasks with similar textures by learn- ing
deformable sampling and modulation scales. Therefore, deformable convolution can be uesed
to effectively extract the texture features of ground defects when facing the interference of
sky texture, thus correcting the problem that the focus of the established methods appears in
the sky, locating the focus to the ground, and effectively improving the model’s capability to
detect road defective textures.

2.3 Context Augmentation Module

The impact of the multi-scale problem on the model per- formance is more significant,
reducing the accuracy of road defect detection, due to the uncertainty of the distance between
the shooting camera and the ground. Multi-scale features have different information densities
among different scale features, which cannot be directly fused, and directly fusing multi-scale
features without additional processing leads to semantic con- flicts, resulting in limited
expression of multi-scale features. Therefore, our method used context enhancement
technology to realize the fusion of multi-scale features with different information densities to
obtain more effective context features.

1 In YOLO_v5s model, SPPF is the key feature fusion module. In contrast to the SSD
model, which utilizes a series of convolutional filters to detect objects across various levels of
feature maps, achieving a similar effect to the feature pyramid. CAM (Context Augmentation
Module) module[\Zj\] employs an adaptive fusion method to capture the features of defects at
different scales by using dilation convolution with different dilation rates on the feature maps
after different degrees of downsampling to obtain contextual information from different
receptive fields, thus enhancing the ability of multiscale defect detection. Our method
experimentally compared the use of multiple convolution rates to obtain the best results. The
CAM structure is shown in Fig. 7.

The experiment employs various convolutional opeartions and diverse dilation rates to
capture feature information of dis- tinct scales for the feature graph C5 subsequent to
extracting features from the preceding layer. The convolution operation after one convolution
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kernel of size 3x3 with a dilation convolution rate of 1 is denoted to as scheme 2; and after
three convolution kernels of size 3x3 with dilation convolution There are three strategies for
fusion, as shown in Fig. 8. Strategy (a) adopts weighted fusion and strategy (b) adopts
adaptive fusion, that is, the size of the input can be expressed as (bs, C, H, W), and the spatial
adaptive weight connection of (bs, 3, H, W) was obtained through convolution operation and
calculated using Softmax. Three channels correspond to the three inputs one by one, and
contextual information is aggregated to the output by calculating the weighted sum. which can
improve the defect detection ability of the model at different scales and enhance the multi-
scale feature extraction ability of the model. Strategy (c) is to do concatenation, which
operates the input feature maps in series.
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The experimental results of processing C5 feature maps through different convolution
operations and expansion convo- lution rates are shown in Table 2, and the visualization
results are shown in Fig. 9.

Table 2: Experimental results of different convolution operations and expansion convolution

rates to process C5 feature maps

Module MAP@.5 Precision Recall Parameters GFLOPs
YOLOvV5s 56.9% 62.2% 54.9% 7.03M 16.0
Scheme 1 56.6% 64.6% 48.2% 8.66M 16.3
Scheme 2 59.4% 65.6% 51.6% 11.3M 18.4
Scheme 3 60.0% 62.1% 54.3% 13.9M 20.5

According to the experimental results, it can be seen that the best experimental results are
obtained for scheme 3. This is due to the fact that features with different sensory fields are
obtained by dilation convolution operations with different dilation convolution rates, and the
contextual information can be enriched by fusing the results of these convolution operations
to obtain better feature extraction effects.

Figure 9: the Visualisation Results

2.4  Channel and Spatial Attention Module

Feature extraction networks extract more accurate target fea- tures by continuously adjusting
the parameters of the convo- lution kernel during the training process. However, traditional
convolution has the characteristic of focusing only on local information and ignoring global
information during the train- ing process of neural networks. For the road defect detection
task, it is necessary to rely on the defective texture features extracted by the neural network to
improve the detection of cloud-like textures and multi-scale features. Therefore, our method
introduced the CBAM attention module[@ﬂ into the model to improve the detection of some
difficult-to-localise road defects by improving the spatial interaction between the defect
texture features.

CBAM can enhance the ability of information interaction between different locations in
the feature map, and through the attention mechanism enhance the attention to different
spatial scopes of the defect texture features, which is con- ducive to better distinguishing the
global information from the detailed information of the defect area, and thus improve the
model recognition ability of defects. The Convolutional Block Attention Module (CBAM)
combines the Channel Attention Module (CAM) and the Spatial Attention Module (SAM).
The structure of CBAM is shown in Figure 10. is shown in Fig. 10.
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Figure 10: CBAM Attention Mechanism Structure

CBAM input features FEREH*W  multiply the convolu- tion result by the one-dimensional
convolution Mc € R®Y*! of CAM by the original feature map, take the CAM output as input,
perform two-dimensional convolution Ms € R¥W by SAM, and then multiply the output
result by the original feature map.

F'=M(F)®F (5)
F' = M. (F)®F’ (6)

CAM controls the importance of different channels by learning the relationship between
them. First, the features of each channel are compressed using global average pooling and
maximum pooling, then the weights between different channels are adjusted through a fully
connected layer, and finally the weights are normalized using an activation function. This
allows the network to focus more on the channels that are important for a particular task and
thus extract more useful features.

M.(F) = o(MLP(AvgPool(F)) + MLP(MaxPool(F))) (7

SAM controls the importance of different positions by learning their relationships in the
feature map. It first uses the results of the CAM as input, then learns the weights between
different locations through a convolutional layer and finally normalizes the weights using an
activation function. This allows the network to focus more on the spatial locations that are
important for a particular task and thus extract more accurate features.

M (F) = o(f”*7([AvgPool(F) ; MaxPool(F)])) (8)

By introducing the CBAM module, the feature extraction network can automatically learn
the importance of different channels and locations to extract more useful and accurate features.
Through the above analysis, compared with the original feature extraction network, the
introduction of CBAM atten- tion module can make the network in the feature extraction
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process to strengthen the spatial interaction between defective features, which can effectively
improve the detection effect of road defects.

3 Experiments

3.1 Datasets

Our method is based on a dataset of road images provided by the IEEE Big Data Global Road
Damage Detection Chal- lenge 2022 (RDD2022)[26, 27]. These images were captured by in-
vehicle smartphones or drones and contained 38,385 road images from six countries: China,
Japan, India, Czech Republic, Norway, and the United States. The data set contains four types
of road damage, namely longitudinal cracks, trans- verse cracks, alligator cracks and potholes.
Fig. 11 illustrates the four road crack patterns.

Figure 11: Road defects

Our method divided the data set into training set, verification set and test set according to
the ratio of 8:1:1. The distribution of the data set is shown in Table 3. The training set is used
for the learning of road defect characteristics by the neural network. The validation set is used
to evaluate the model’s learning of the defect features during the training process to better
validate the model effect. The test set is then used to evaluate the generalization ability of the
model.

Table 3: Road defects dataset

Train Test Val Total
Labels 17194 3060 3513 23767
Images 27734 4894 5757 38385

3.2 Preparatory Experiment

By observing the existing methods in road defect detection, the problem of sensing areas
focusing on the sky occurs occasionally. In order to explore the characteristics of the sky and
the ground at the feature level, Our method first conducts three sets of preparatory
experiments based on the grey-level co-occurrence matrix. Gray-level co-occurrence ma- trix
(GLCM)[ is obtained by calculating the gray-level image, and then some eigenvalues of
the matrix are obtained by calculating this co-occurrence matrix to represent some texture
features of the image respectively. Our experiments are compared in horizontal, vertical and
tilted directions re- spectively. ASM, Contrast, Entropy and IDM metrics are used for
validation.

(1) ASM: Angular Second Moment also called energy. The energy transform reacts to the
uniformity of gray scale distribution and texture coarseness. the smaller the ASM, the more
detailed the texture features.
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ASM =3 ¥;p(i,j)? €))

(2) Contrast: react to the depth of the grooves.the larger the contrast, the clearer the
texture.

Con =3%; ¥;(i — )N?p(,)) (10)

(3) Entropy: react to the complexity of different regions.the larger the Entropy, the more
complex the image.

Ent = =%, ¥p@,logp(i,j) (11)

(4) IDM: Inverse Differential Moment. React to the clarity and regularity of the texture,
which is clear and regular. the larger the IDM, the easier it is to uncover texture features.

- -1 P@3,j1d,0)
DM = Y50 BT o2 (12)

The results obtained through the gray scale covariance matrix are shown in Fig. 12.
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Figure 12: Gray-level co-occurrence matrix results
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According to the IDM values, it is known that the sky, ground and background have
similar degree of clarity and regularity, so their texture features are similar. According to the
ASM value it is known that the sky and ground texture features are similar in degree of detail,
therefore feature points may be present on both sky and ground. The Contrast and Entropy
values show that the background is closer to the sky and ground compared to the sky and
ground, and the background feature differences are more different from the sky and ground.
The results of the preparatory experiments show that the complexity and information entropy
of the textures of the sky and the ground are somewhat similar, which causes the model to
have difficulty in distinguishing between the sky and the ground during the processing of
some images.

3.3 Metrics of Evaluation

In order to evaluate the effectiveness of the model in detecting road defects and to validate the
performance of the proposed method, the experiments were conducted using metrics such as
mAP, GFLOPs, and the number of parameters to evaluate the proposed model.

(1) mAP: Mean Average Precision, is the main evaluation index of the target detection
algorithm. It is the average value of AP (Average Precision), the higher the mAP value, the
better the effect of the model detection.

(@) The accuracy rate: The accuracy rate, also known as the detection rate, is used to
assess the accuracy of the model for classification, that is, the probability of detecting the
target correctly, which can be expressed by the following equation:

p=_—"1" (13)

TP + FP

where P denotes the precision rate, TP (True Positive) denotes the number of samples that are
actually positive and predicted to be positive, when there are instances of damage in the
ground truth, the number of instances that the model predicts to be of the correct type of
defect during the detection process; FP (False Positive) denotes the number of samples that
are actually negative but predicted to be positive, that is, the number of instances that the
model predicts to be a particular instance of a defect during the detection process, but that are
actually a non-defective or other defective type.

(b) The recall rate: also known as the check all rate, is used to assess the probability that
the model recognizes a positive sample correctly, and it can be expressed in the following
equation:

TP

R = TP + FN (14)

where R denotes the recall rate and FN(False Negative) denotes the number of actual positive
samples but pre- dicted negative samples, that is, the number of predicted non-defective
objects but actual defective objects in the detection process.

For a category, the AP of the category can be calculated by plotting its P-R curve and
calculating the area enclosed by the curve and the axes. mMAP@.5 is used as the evaluation
standard, which indicates the comprehensive detection capability of the model when the IOU
threshold is set at 0.5.

(2) GFLOPs: Giga Floating-point Operations Per Second, that is, one billion floating-
point operations per second, which is usually used to measure the complexity of the model.

The number of parameters: the sum of the number of parameters in the model, which does
not directly affect the inference speed of the model, but the number of parameters affects the
memory occupation of the model.
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3.4 Implementation Details

In the experiments, our model algorithm is implemented through the PyTorch deep learning
framework, PyTorch ver- sion is 1.12.1, and the training and testing are performed on GPU
Nvidia RTX A5000. During training, the model training period is 140, the image size is 640 <
640, the batch size is 64, the initial learning rate is 0.01, and the optimizer is SGD.

3.5 Ablation Experiment

Our method performed a series of ablation experiments on the test set to verify the
effectiveness and superiority of each improvement point in the algorithm. v indicates the use
of this modular approach. The results of the experiments are shown in Table 4.

The experimental results show that each of the improvement points proposed by our
method can improve the performance of the algorithm. In Scheme 1, our method adds
deformable convolutional structures to the network. The experimental results show that
MAP@.5 increased by 5.1 percentage points, accuracy increased by 1.3 percentage points,
and recall rate increased by 1.8 percentage points. In Scheme 2, our method uses the context
enhancement module as the feature fusion module. The experimental results show that
MAP@.5 in- creased by 3.1 percentage points. CBAM In Scheme 3, our method adds CBAM
attention mechanism to improve the spatial interaction between defective texture features and
the experimental results show that mMAP@.5 increased by 2.5 percentage points. Therefore,
the use of DCNv3, CAM and CBAM attention mechanism are all able to effectively improve
the detection of defects by the model. The improvement effect of scheme 1 is more obvious
compared to scheme 2 and scheme 3, which indicates that the interference of similar texture
features is the main reason for the poor detection of road defects. Our method improves 7.8
percentage points and the accuracy improves 0.2 percentage points compared to YOLOV5s.
the experimental results show the effectiveness of the algorithm of this study in the target
detection of road defects, and the algorithmic model effectively improves the accuracy of road
defects detection.

3.6 Comparison Experiment

Our method compared the model with DiffusionDet[29], DINOJ[30], YoLoX[31] and u-
YoLo[32] to demonstrate that our proposed model can effectively solve the problem of
detecting attention away from the ground as well as multi- scale characteristics, The
DiffusionDet diffusion model is to add noise to the input gradually, and learns how to recover
the input out of the noise; DINO((DETR with Improved denoising anchor boxes) is an
improved version of the DETR model using ResNet - 50 as the backbone; YOLOX uses a
model similar to the YOLOv5s model parametric number of small models of similar size; and
u-YoLo is the winning solution of the 2020 IEEE Global Road Defect Detection Competition,
which combines the integrated model (EM) and the integrated prediction (EP) methods,
however, the method is the worst in terms of speed of detection due to the long testing time
for each image. According to the original paper the above method is reproduced using our
dataset and the same hyperparameters are used during the experiments, the experimental
results are shown in Table 5.

Based on the experimental results, it can be seen that our proposed road defect detection
model performs better than other models.Compared with the encoder-decoder Diffusion- Det
and DINO models, the mAP of our model is increased to 64.7%, while the number of
parameters and GFLOPs are reduced to 13.5M and 20.2,respectively. Compared with the
YOLOX model, the mAP of our model is improved by 13.2 percentage points, which is
attributed to the fact that YOLOX adopts the anchor- free mechanism, compared to the
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anchor- based mechanism of YOLOV5, whose detection mechanism is less effective for the
road defect detection task. Compared with the u-YOLO model, our model improves the mAP
by 11.4 percentage points. In summary, our proposed road defect detection model has a good
performance in detection.

3.7 Visualisation

Our method is compared by thermal map[ and confusion matrices to further prove the
effectiveness of our algorithm. Fig. 13 shows the confusion matrix obtained by YOLOv5s
network model and our proposed network model on the test set, and the results show that our
proposed algorithm has higher accuracy and lower error rate and missed detection rate.
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Figure 13: Confusion Matrix Comparison

Fig. 14 shows the thermal map comparison between YOLO 5s algorithm and our
proposed algorithm. It can be observed that Our proposed algorithm is able to focus the road
defect information better, has higher sensitivity to target detection and better performance.

Figure 14: Comparison of heat maps

4 Conclusion

We proposes a road defect detection method based on deformable convolution and contextual
enhancement to solve the problem of difficult to distinguish the similarity between texture
features and multi-scale characteristics in road defect detection. In our method, the
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deformable convolution module

Table 4: DCNv3 does not pass the experimental results of the combinatorial approach

Module | DCN | CAM | CBAM | mMAP@.5 | Precision | Recall | Parameters | GFLOPs
YOLOvV5s 56.9% 62.2% | 54.9% 7.03M 16.0
Scheme 1 v 62.0% 63.5% | 56.7% 6.31M 14.4
Scheme 2 v 60.0% 62.1% | 54.3% 13.9M 20.5
Scheme 3 v 59.4% 60.3% | 54.3% 6.7M 14.9
Scheme 4 v v 61.5% 63.3% | 53.0% 13.9M 20.5
Scheme 5 v v 62.8% 61.8% | 57.8% 6.32M 14.4
Scheme 5 v v 62.8% 61.8% | 57.8% 6.32M 14.4

Ours v v v 64.7% 62.4% | 53.6% 13.5M 20.2
Table 5: COMPARISON EXPERIMENT
Module MAP@.5 Parameters GFLOPs
DiffusionDet 40.2% 40M 225
DINO 40.6% 47TM 279
YOLOV5X 51.55% 9.0M 20.8
u-YOLO 53.3% 7.2M 20.64
Ours 64.7% 13.5M 20.2

DCNv3 is used in the feature extraction stage, which can effectively extract more
abundant and more effective road defect features, so as to improve the detection effect of
defect features of multiple shapes; CAM context enhancement module is used in the feature
fusion stage, which improves the model’s ability to extract defect features of different scales,
and further strengthens the detection effect of defects of different scales; and finally, the
CBAM attention mechanism is introduced to strengthen the spatial information interaction in
the texture feature extraction process, which effectively improves the detection effect of
multiple defect features. The experimental results based on the image dataset released by
IEEE 2022 Global Road Damage Challenge show that our method achieves superior results
and has higher detection performance compared to current cutting-edge methods.

In road defect detection, the main applications are road evaluation and maintenance and
autonomous driving scenarios. In the automatic driving scenario, real-time detection becomes
especially important. How to solve the detection model with many parameters and large size,
which is difficult to meet the real-time requirements of defect detection, will be the main
content of future research this In addition, due to the characteristics of tiny targets with low
resolution and small size, it is difficult to carry out accurate detection, which will also become
another research focus.
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