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Abstract: In maintaining roads and ensuring safety, promptly detecting and repairing pavement
defects is crucial. However, conventional detection methods demand substantial manpower, incur
high costs, and suffer from low efficiency. To enhance road maintenance efficiency and reduce
costs, we propose an improved algorithm based on YOLOv8. Our method incorporates several key
enhancements. First, we replace conventional convolutions with a module composed of spatial-to-
depth layers and nonstrided convolution layers (SPD-Conv) in the network backbone, enhancing the
capability of recognizing small-sized defects. Second, we replace the neck of YOLOv8 with the neck
of the ASF-YOLO network to fully integrate spatial and scale features, improving multiscale feature
extraction capability. Additionally, we introduce the FasterNet block from the FasterNet network
into C2f to minimize redundant computations. Furthermore, we utilize Wise-IoU (WIoU) to optimize
the model’s loss function, which accounts for the quality factors of objects more effectively, enabling
adaptive learning adjustments based on samples of varying qualities. Our model was evaluated on
the RDD2022 road damage dataset, demonstrating significant improvements over the baseline model.
Specifically, with a 2.8% improvement in mAP and a detection speed reaching 43 FPS, our method
proves to be highly effective in real-time road damage detection tasks.

Keywords: road surface; defect detection; YOLOv8; nonstrided convolution; multiscale fusion

1. Introduction

The highway transportation system is an important factor in economic development
and regional stability and an important part of people’s production and life. In China,
with the continuous development of basic economic construction, highway mileage is
increasing year by year. According to 2022 statistics, the total length of asphalt roads
nationwide reached 5.3548 million km at that time, representing an increase of 74,100 km
compared to the previous year. Since most roads are asphalt pavement, which has poor
temperature stability, they are affected by natural and human factors such as wind and
sun, resulting in many defects such as potholes and cracks, which seriously affect people’s
transportation and economic development. By the end of 2022, the maintenance mileage of
highways accounted for 99.9% of the total road mileage. As highway maintenance mileage
increases, reasonable highway maintenance not only can ensure road safety, improve
traffic efficiency, and reduce traffic accidents but also holds significant importance for the
development of road infrastructure [1].

Early research on road surface defect detection primarily utilized digital image process-
ing and traditional machine learning to assess road conditions. Digital image processing
technology uses imaging equipment to collect high-resolution images and then designs
characteristic conditions to detect pavement defects through characteristic patterns, such
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as edges and textures. Common methods include threshold segmentation, edge detection,
and texture analysis. Ayenu-Prah et al. [2] introduced bidimensional empirical mode
decomposition (BEMD) for pavement crack evaluation. By combining BEMD with the
Sobel edge detector, they effectively removed noise from crack images, enhancing edge
detection. Their approach outperformed the traditional Canny edge detector, showcasing
BEMD’s potential for improved crack detection in pavement analysis. Wang S. et al. [3]
aimed to improve the performance of automated pavement crack detection, leveraging
multiscale and local optimum threshold methods, demonstrating their method’s enhanced
effectiveness and robustness compared to conventional segmentation approaches. Huang
W. et al. [4] proposed a novel method for pavement crack detection utilizing image pro-
cessing technology. They first performed image preprocessing and then connected the
cracks through the proposed algorithm. Experiments showed that the algorithm is very
efficient [5]. The recognition method of machine learning involves manually extracting
features and then inputting these features into a classifier for classification. Lin J. et al. [6]
detected road surface potholes using a nonlinear support vector machine (SVM), and exper-
iments proved that this algorithm has a high recognition rate. Zou Q. et al. [7] developed
CrackTree, a method that utilizes geodesic shadow removal and tensor voting to detect
cracks in pavement images, providing a new technical approach for pavement defect detec-
tion. Li H. et al. [8] proposed a crack detection algorithm based on unsupervised methods,
which effectively addresses the challenges in pavement crack detection, as demonstrated
through extensive experimentation on public datasets, showing superior performance
compared to existing methods. However, the above two detection methods require man-
ual feature extraction, which increases both manpower and time costs, resulting in low
detection efficiency.

As a result of the widespread adoption of deep learning [9], the accuracy and efficiency
of road surface defect detection have been greatly improved. Deep learning models are
capable of automatically learning and extracting features without human intervention,
greatly simplifying task workflows. Compared to traditional methods, they can identify
various types of road surface defects more accurately and have stronger generalization
ability. Based on the steps and complexity involved in the detection process, deep learning
detection methods are divided into one-stage and two-stage approaches. In the one-stage
approach, effective features are automatically learned from raw data and directly utilized
during the prediction process. Typical representatives are the YOLO series [10–12] and
SSD [13] object detection algorithm. The two-stage model is divided into two steps: first
generating candidate areas and then classifying. The typical representative is the R-CNN
series [14,15] algorithm. The first-stage model is simple, efficient, and fast but has poor
detection accuracy for small objects. The second-stage model has higher accuracy but
has a high computational cost and slow speed. Opara J.N. et al. [16] used YOLOv3 to
detect damaged asphalt pavement. Through analysis, they found that this method has high
detection accuracy and provides a method for formulating road inspection procedures.
Dong J. et al. [17] introduced an enhanced two-stage algorithm for segmenting cracks in
asphalt pavement; the mAP of the improved model reaches 95.2%, significantly improving
the detection efficiency of road cracks. Du F.J. et al. [18] proposed a BV-YOLOv5S algorithm,
utilizing a bidirectional feature pyramid network (BiFPN) for multiscale feature fusion
and varifocal loss to enhance road defect detection accuracy, which demonstrates superior
performance compared to existing models and is suitable for high real-time and flexibility
requirements in road safety detection projects. Xu Y. et al. [19] proposed YOLOv5-PD for
asphalt pavement defect detection, integrating big kernel convolution and a channel atten-
tion mechanism for improved performance. It achieved 73.3% mAP and 41FPS inference
speed, surpassing existing models. Huang P. et al. [20] proposed a lightweight pavement
defect detection model based on an improved YOLOv7 architecture, achieving 91% average
accuracy with significant reductions in parameters and computations, making it suitable
for edge terminal devices. Liu Y. et al. [21] proposed an optimized road defect detection
model based on YOLOv5s, enhancing speed and precision in detecting on the GRDDC
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dataset while reducing the model size. Cano-Ortiz S. et al. [22] addressed the issue of
scarce road defect data by proposing a model that synthesized rare defects and trained
it on YOLOv5, achieving efficient road defect detection. Ranyal E. et al. [23] combined
crack detection with crack width estimation and devised an efficient method based on
vehicle crack detection to facilitate infrastructure maintenance, offering a comprehensive
set of solutions. Zhao M. et al. [24] proposed MED-YOLOv8s, an efficient road damage
detection model based on YOLOv8s with a MobileNetv3 backbone and efficient channel
attention (ECA) [25], achieving a 95.2% mAP@0.5 with 46.2% reduction in model com-
plexity. Wang H. et al. [26] proposed the YOLOv8-D-CBAM algorithm for pavement crack
detection, integrating depthwise separable convolution and a convolutional block attention
module (CBAM) [27] to enhance recognition rates, achieving high precision and recall rates
above 98%, with over 90% recognition for each crack category.

Although the abovementioned methods have made some improvements in enhancing
the capability of road surface defect detection, it is difficult to completely cover all situations
due to the complexity and diversity of pavement defects. At the same time, existing
methods may face some challenges, such as poor detection of small-sized defects and
insufficient robustness in complex backgrounds. In response to these issues, this paper
aims to improve the accuracy, speed, and versatility of road surface defect detection by
enhancing the YOLOv8 model. Here are the four main focuses of the work discussed in
this article:

1. Using SPD-Conv to replace conventional convolutions in the backbone enables better
capturing of the details and features of the object, thereby enhancing the performance
of small object detection.

2. Utilizing the neck of the ASF-YOLO network to enhance the feature fusion method
thereby improves the feature fusion capability and enhances the detection effective-
ness of road surface defects.

3. Introducing the FasterNet module to transform C2f reduces unnecessary calculations
and improves detection speed.

4. Employing WIoU to enhance the loss function, adjusting the importance of different
samples, improves the performance and robustness of the model in the bounding box
regression task.

2. Materials and Methods
2.1. YOLOv8 Algorithm

YOLOv8 is an open source model developed by Ultralytics in 2023, and its accuracy
has been significantly improved compared to the previous-generation YOLOv5. It is a
unified model that combines tasks such as detection, segmentation, and classification,
consisting of five different depths and widths of networks, denoted as n, s, and m. Since
this research is aimed at detecting defects on road surfaces and the hardware equipment
is limited, YOLOv8s, which is smaller in size and higher in accuracy, is used as the basic
model for improvement. Figure 1 presents the model structure of YOLOv8.

YOLOv8 comprises three primary components: the backbone, neck, and head.
The backbone consists predominantly of CBS, C2f, and spatial pyramid pooling with

features (SPPF), tasked with extracting features from input images. CBS comprises two-
dimensional convolution, a batch normalization layer, and a SiLU activation function
and mainly performs convolution operations on feature maps. C2f is a new module
proposed by YOLOv8. It draws on the design ideas of C3 and the efficient layer aggregation
network (ELAN), adds multiple jump links and segmentation operations, and delivers
rich gradient flow information. SPPF consists of CBS and MaxPool. Each pooling layer
participates in the final splicing and extracts features of different receptive fields.

The neck is mainly composed of CBS and C2f, and it is responsible for the feature
fusion of three effective feature maps passed by the backbone. The neck adopts the
feature fusion idea of a feature pyramid network (FPN) [28]–path aggregation network
(PAN) [29], introducing lateral connections and cascaded operations to effectively merge
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features from different levels, constructing a feature pyramid that encompasses multiscale
information effectively.

Figure 1. Network structure diagram of Yolov8 algorithm.

The head is mainly composed of convolutional layers and fully connected layers,
which are responsible for generating object detection results. The head adopts the de-
sign approach of a decoupled head, separating the detection task into distinct processes
for handling the object class probabilities and the bounding box position information.
The localization method adopts an anchor-free approach, eliminating predefined anchors
and enabling direct detection on feature maps, thus reducing the complexity and cost of
parameter tuning.

2.2. Improved YOLOv8 Algorithm

Faced with challenges such as small objects, dense distribution, and complex back-
grounds in the pavement defect dataset, the original YOLOv8s has problems with false
positives, missed negatives, low detection accuracy, and slow detection speed. Therefore,
the following improvements were made: Firstly, by replacing conventional convolutions
with SPD-Conv in the backbone network, it enhances the learning of subtle details and
local features in the data, thereby enabling more accurate differentiation of different cat-
egories or scenarios. Secondly, utilizing the neck of the ASF-YOLO network as the neck
of the improved network combines effective information from different scales, enabling a
more comprehensive understanding of image content and more accurate localization and
recognition of objects across different scales. Then, a FasterNet block is used to transform
C2f, and the improved C2f_Faster replaces C2f in the neck network, reducing redundant
computation and storage access and extracting defect feature information more effectively.
Finally, employing WIoU to guide parameter adjustments during the training process
effectively optimizes model training and enhances its ability to handle samples of different
qualities. Figure 2 presents the model structure of the improved YOLOv8.
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Figure 2. Network structure diagram of improved Yolov8 algorithm.

2.2.1. SPD-Conv

In convolutional neural networks, cross-row convolution or pooling operations are
commonly used to reduce the size of feature maps, decrease computational complexity,
and extract higher-level abstract features. However, this may lead to information loss,
which can result in the model having an incomplete understanding of the input data, thus
impacting the accuracy of detection tasks. To address this, Sunkara R. et al. [30] proposed
SPD-Conv. Figure 3 presents the structure of the SPD-Conv module.

Figure 3. SPD-Conv module structure. (a) the original feature map. (b) the feature map segmented
according to a certain ratio. (c) the four sub-feature maps after segmentation. (d) the feature map
concatenated in the channel dimension. (e) the feature map obtained by 1 × 1 convolution.

SPD-Conv comprises two components: the space-to-depth (SPD) layer and the non-
strided convolutional layer. The SPD layer divides the feature graph X into a series of
subfeature graphs according to a certain proportion and then splices these subfeature
graphs along the channel dimension to realize the downsampling on the spatial dimension
of the feature graph. The non-cross-row convolution layer carries out a step-1 convolution
operation on the feature graph obtained by the SPD layer so that more information in
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the feature graph is retained, which helps the network to learn more rich and detailed
feature representation.

2.2.2. Improved Neck

ASF-YOLO is a YOLO framework based on attention scale sequence fusion proposed
by Kang M. et al. [31]. This framework fuses scale and spatial features, enabling swift
and precise segmentation tasks. ASF-YOLO proposed a new network design on the neck,
as shown in Figure 4.

The ASF-YOLO model’s neck comprises three components: the scale sequence feature
fusion (SSFF) module, the triple feature encoding (TFE) module, and the channel and
position attention mechanism (CPAM) module.

Traditional feature fusion typically involves methods like multiscale convolution to
fuse features of different scales, but this often leads to redundant computation or loss of
information. For this purpose, the SSFF module is proposed. SSFF enables more effective
fusion of features from different scales, avoiding unnecessary redundant computations,
allowing the model to comprehensively capture characteristics and contextual information
of road defects. The module design is shown at the top of Figure 4. Since P3-level feature
maps can provide more comprehensive and accurate information during detection, SSFF is
designed based on P3. First, adjust the channel number of the two highest-level feature
maps to 256, and resize their spatial dimensions to match those of the P3 level. Then, use
the unsqueeze method to expand the tensor’s shape and concatenate it along the depth
dimension. Finally, utilize three-dimensional convolution, batch normalization, and SiLU
to accomplish the feature extraction of the SSFF module. The spliced feature maps have the
same resolution and different scales, so they constitute a scale sequence.

Figure 4. Neck network design for ASF-YOLO.

FPN typically constructs a multiscale pyramid layer by layer from top to bottom
through upsampling and cascading operations during feature propagation. However, this
approach may lead to the loss or blurring of fine details in the small-scale feature maps.
To address this concern, the TFE module is proposed to achieve more comprehensive feature
extraction. Figure 5 presents the detailed construction of TFE. TFE separates the three
different-sized feature maps for individual operations. Firstly, convolutional operations
are applied to the large-scale and small-scale feature maps. Subsequently, downsampling
or upsampling operations are conducted. Finally, all-sized feature maps undergo another
convolutional operation and are concatenated along the channel dimension.

This article focuses on detecting defects on road surfaces without the need for de-
tailed pixel-level labels or extracting key location information from each pixel. Therefore,
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the CPAM attention mechanism is replaced with the Add operation to reduce unnecessary
computational operations.

Figure 5. TFE module structure.

2.2.3. C2f_Faster

C2f is a newly proposed module of YOLOv8, primarily composed of multiple convo-
lution and bottleneck modules. However, multiple bottleneck stacking results in a large
amount of calculation, increasing the model’s complexity. To solve this problem, the C2f
module incorporates the FasterNet block from the FasterNet network, forming the new
C2f_Faster module. Figure 6 presents the detailed construction of C2f_Faster.

Figure 6. C2f_Faster module structure.

In deep neural networks, each channel performs different types of feature extraction
on the input data. However, in some cases, the features extracted by these different chan-
nels may be similar either in semantics or in form. To reduce computational complexity
and memory access, Chen et al. [32] proposed the partial convolution (PConv) method.
The left side of Figure 7 presents the PConv module. PConv selectively applies conven-
tional convolution to some channels while keeping the others unchanged. The outputs
are then concatenated, enabling spatial feature extraction while minimizing redundant
computations and memory accesses.The FasterNet block primarily consists of PConv and
pointwise convolution (PWConv). The right side of Figure 7 presents the FasterNet block
module. Firstly, feature extraction is conducted using PConv, followed by information
propagation across all channels using PWConv. Subsequently, batch normalization, ReLU
activation function, and PWConv are employed for further feature extraction. Finally,
the processed results are merged with the input of this module to complete the feature
extraction of the FasterNet block.
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Figure 7. PConv and FasterNet block module structure.

2.2.4. Wise-IoU (WIoU)

The loss function serves as a crucial metric for model learning and optimization,
and its precise definition can significantly enhance detection performance. The YOLOv8
model employs CIoU [33] as its bounding box loss function, which not only focuses on
the overlap between bounding boxes but also considers their spatial positions and size
relationships, thereby providing a rational approach for measuring the similarity between
two bounding boxes. However, it fails to consider the potential impact of samples with
varying qualities on model training. In road surface defect data, there exists a certain
proportion of low-quality samples. If only high-quality samples are reinforced while
neglecting low-quality ones, it will lead to the model lacking robustness when facing unseen
data. Therefore, the loss function WIoU [34] based on the dynamic nonmonotonic focusing
mechanism is employed as the bounding box regression loss function for our model in this
paper. WIoU assesses anchor box quality based on the outlier degree and allocates more
appropriate gradient weights to different-quality anchor boxes, thereby achieving more
precise road surface defect detection. WIoU mainly contains three parts: the nonmonotone
focusing coefficient (r), distance loss (RWIoU), and IoU loss (LIoU). The calculation of
WIoU is shown in Equation (1), and the calculation of r, RWIoU, and LIoU is shown in
Equations (2), (3), and (4), respectively:

LWIoU = rRWIoULIoU, (1)

r =
β

δαβ−δ
, β =

L∗
IoU

LIoU
∈ [0,+∞), (2)

RWIoU = exp

(
(x − xgt)2 + (y − ygt)2

w2
g + H2

g

)
, (3)

LIoU = 1 − IoU, (4)

In Formula (2), α and δ represent hyperparameters, and β represents the outlier de-
gree of the anchor box. Outlier degree is used to measure the quality of anchor boxes,
with smaller scores indicating higher quality and larger scores indicating lower quality.
Assigning smaller gradient weights to high-quality anchor boxes helps ensure more reliable
bounding box regression. Assigning lower gradient weights to poorer anchor boxes simi-
larly helps alleviate the risk of model overfitting on low-quality samples. LIoU represents
the exponential running average with momentum m, and * represents separation from
the calculation graph. In Formula (3), the center of the anchor box is denoted as (x,y),
and the center of the object box is denoted as (xgt,ygt). wg and Hg represent the width
and height, respectively, of the minimum rectangle formed by the anchor box and the
object box. When RWloU ∈ [1, e), one can amplify the LIoU of regular-quality anchor boxes.
In Formula (4), IoU represents intersection over union, which is the ratio of the intersection
area of the ground-truth bounding box and the predicted bounding box to their union area,
indicating their overlap. When LIoU ∈ [0, 1], the RWloU of high-quality anchor boxes can
be reduced.
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3. Results and Discussion
3.1. Dataset

This experiment uses the public road damage detection dataset RDD2022 [35] as the
experimental dataset, which collects road damage images from six countries. Based on
the structure and characteristics of Chinese road surfaces, we select 2000 Chinese road
damage images from the RDD2022 dataset for our study. The dataset contains five types of
detection objects, including vertical cracks (D00), horizontal cracks (D10), alligator cracks
(D20), potholes (D40), and repair. Figure 8 presents five types of data. The distribution
of the five types of data is presented in Figure 9. The dataset was obtained in two ways,
namely, by a camera mounted on a motorcycle and by a drone. The resolution of the images
is 512 × 512.

Figure 8. Five types of detection object.

Figure 9. Distribution of the five types of data.

3.2. Experimental Environment and Parameter Settings

The computer used in this experiment is equipped with an NVIDIA GeForce RTX 3090
graphics card, an Intel(R) Core(TM) i9-10900X CPU @ 3.70GHz processor, 64 GB of memory,
PyTorch 1.8.1 as the deep learning framework, CUDA version 11.1, and Python version
3.8.0. Table 1 presents the detailed experimental parameter settings.

Table 1. Training parameter settings.

Parameter Configuration

epochs 150
batchsize 4
workers 4
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Table 1. Cont.

Parameter Configuration

imgsz 640
optimizer SGD

lr0 0.01

3.3. Evaluation Metrics

Our experiments employ the following evaluation metrics to comprehensively assess
the algorithm’s performance across different dimensions.

Precision (P) reflects the accuracy of the model by measuring the proportion of samples
predicted as positive that truly belong to the positive class. The calculation formula is

P =
TP

TP + FP
, (5)

Recall (R) measures how many of the positive-class samples are correctly predicted
as positive by the model, reflecting the model’s ability to capture all positive instances.
The calculation formula is

R =
TP

TP + FN
, (6)

The Mean Average Precision (mAP) quantifies the average accuracy of predictions
across all classes in object detection tasks, providing a more comprehensive reflection of
the model’s performance across different classes. The calculation formula is:

mAP =
1
N

N

∑
i=1

APi, (7)

Parameters quantify the learnable elements within a model, reflecting the complexity
and capacity of the model.

Frames per second (FPS) gauges the model’s video processing efficiency, reflecting its
processing speed and real-time performance.

In the above equation, TP stands for the number of correctly detected objects, FP
represents the number of non-objects erroneously labeled as objects, and FN indicates
the number of objects missed in detection. AP denotes the average precision at various
thresholds, while N represents the total number of categories.

3.4. Experimental Process and Results

First, we convert the selected road defect dataset into the YOLO format required for
training and split the dataset into a training set, validation set, and test set in a 7:2:1 ratio.
Next, we use YOLOv8 as the baseline model and make improvements to YOLOv8 based
on the modules introduced in Section 2.2. Finally, we train the models in the experimental
environment described in Section 3.2. The training processes for both the original YOLOv8
model and the improved YOLOv8 model are shown in Figure 10. Figures 11 and 12 show
the confusion matrices obtained from the detection results of the YOLOv8 model and the
improved YOLOv8 model, respectively.

In Figure 10, the precision and recall curves of the improved YOLOv8 are higher than
those of the original YOLOv8, demonstrating that the improved YOLOv8 has a significant
advantage in road defect detection. In Figures 11 and 12, the values on the main diagonal
of Figure 12 are generally higher than those in Figure 11, while the values in the lower-left
and upper-right corners are generally lower than those in Figure 11. This indicates that the
improved YOLOv8 performs better across multiple road defects.
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Figure 10. The training processes of the YOLOv8 and improved YOLOv8 models.

Figure 11. Confusion matrix of the YOLOv8 model.

Figure 12. Confusion matrix of the improved YOLOv8 model.

3.5. Ablation Experiments

We conducted ablation experiments by individually integrating each improved com-
ponent into the original model to fully understand their respective contributions. Table 2
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showcases the findings from the ablation experiments, in which A, B, C, and D, respectively,
represent the improved YOLOv8 models with the addition of the SPD-Conv module, the im-
proved neck, C2f_Faster, and the WIoU loss function, while E represents the improved
YOLOv8 model with all modules added, which is the model proposed in this paper.

Table 2. Ablation experiments.

Method SPD-Conv Improved Neck C2f_Faster WIoU P R mAP@0.5 Parameters/M

YOLOv8 0.754 0.667 0.746 11.13
A ✓ 0.759 0.711 0.766 10.21
B ✓ 0.758 0.704 0.764 10.92
C ✓ 0.756 0.664 0.744 9.75
D ✓ 0.733 0.701 0.758 11.13
E ✓ ✓ ✓ ✓ 0.803 0.675 0.774 8.62

As indicated by the experimental results, the A model exhibits a 2.0% improvement
in mAP@0.5 over the original YOLOv8 model while also boasting an 8.2% reduction in
parameters, thus validating the effectiveness of the SPD-Conv module in extracting fine-
grained features. For model B, in comparison to the original model, model B sees a 1.8%
increase in mAP@0.5, validating that the enhanced neck effectively integrates multiscale
feature mappings, providing richer and more representative feature representations for
road surface defect detection. For model C, the accuracy remains nearly consistent with the
original model, but the parameters have decreased by 12.4%, validating that the C2f_Faster
module efficiently extracts crucial features and optimizes the model structure. For model D,
the mAP@0.5 has increased by 1.2% relative to the baseline model, validating the effec-
tiveness of the WIoU loss function in handling samples of different qualities, making the
model’s road surface defect detection more stable in practical scenarios. E, the method pro-
posed by us, shows improvements over the original model with increases of 4.9% in P, 0.8%
in R, and 2.8% in mAP@0.5. Additionally, parameters have been reduced by 22.6% relative
to the baseline model. This validates the detection superiority of our proposed method, en-
abling the model to reliably identify road surface issues under various conditions, thereby
contributing to enhancing road safety and maintenance efficiency.

This paper visualizes the P-R curve of both the YOLOv8 algorithm and the proposed
algorithm to demonstrate the improvement of the proposed approach, as depicted in
Figures 13 and 14. The horizontal axis denotes recall, while the vertical axis represents
precision. The top-right corner of the graph displays the AP values for the five defect
categories as well as the mAP value for all classes.

Figure 13. YOLOv8 P-R curve.
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Figure 14. Improved YOLOv8 P-R curve.

From the above two figures, it can be observed that in Figure 14, the curves for the
five categories mostly surpass those in Figure 13. Moreover, the area under the curve
representing all categories in Figure 14 is also larger than that in Figure 13. This indicates
that our method has achieved higher precision and recall rates for each category as well as
overall, demonstrating superior performance in road surface defect detection tasks.

3.6. Comparison Experiments of Mainstream Algorithms

We conduct comparative experiments between the algorithm proposed in this paper
and mainstream road surface defect detection algorithms. By comparing their perfor-
mances on the same dataset, we aim to validate whether the new algorithm can achieve
improvements in efficiency, accuracy, and other metrics. The experiment selected Faster-
RCNN [36], SSD, YOLOv5s [37], YOLOv7-tiny, YOLOv8s [38], YOLOv9-C [39], and the
improved YOLOv8 for comparison. Table 3 showcases the comparative outcomes.

Table 3. Comparison with mainstream algorithms.

Method P R mAP@0.5 Parameters/M FPS

Faster-RCNN 0.465 0.780 0.691 83.0 9
SSD 0.910 0.464 0.680 52.6 35

YOLOv5s 0.706 0.556 0.643 7.02 50
YOLOv7-tiny 0.606 0.338 0.271 6.01 166

YOLOv8s 0.754 0.667 0.746 11.13 38
YOLOv9-C 0.801 0.651 0.755 25.2 37

Improved YOLOv8 0.803 0.675 0.774 8.62 43

According to the table provided, it is evident that the two-stage detection model Faster-
RCNN performs averagely in road defect detection, with a large number of parameters and
slow processing speed, and is thus unable to promptly and effectively detect and identify
road defects. In single-stage detection models, YOLOv7-tiny boasts the fastest detection
speed and the least number of parameters. However, its detection accuracy is comparatively
low, potentially resulting in higher rates of missed detections and false positives in road
defect detection, failing to meet the requirements for precise detection. The latest detection
model, YOLOv9-C, although highly accurate, has a large number of parameters, making
it less suitable for deployment on mobile devices. Although the improvement algorithm
in this paper may not achieve the best precision and recall rates, its overall performance
is excellent, with an mAP@0.5 of 0.774 and parameters totaling 8.62 M and achieving a
frame rate of 43 FPS. This enables the model to effectively identify and locate road defects
in practical applications, enhancing the reliability and usability of the detection system
and providing robust support for road maintenance and safety management.
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3.7. Visualization

To visually illustrate how our algorithm compares with Faster-RCNN, SSD, YOLOv5s,
YOLOv7-tiny, YOLOv8s, and YOLOv9-C in localizing and identifying road defects in
images, we chose three images with varied backgrounds for comparison. Figure 15 presents
the detection results.

Figure 15. Detection result comparison. (a) Long-distance defective road surface. (b) Short-distance
defective road surface. (c) Densely distributed defective road surface.

From the above figure, it can be observed that in images with distant defects, the pro-
posed algorithm demonstrates a high recognition accuracy, validating its outstanding
detection performance. In short-distance defect images, both the YOLOv5s and YOLOv8s
algorithms mistakenly identify certain parts of vehicles as road defects, while other algo-
rithms correctly identify the object category but with low detection accuracy. In contrast,
the algorithm in this paper accurately identifies the defect category and achieves high
detection accuracy, effectively reducing the false-detection rate. In densely distributed
defect images, the SSD algorithm misidentifies normal pavement as repaired pavement,
and none of these algorithms identify vertical cracks. Meanwhile, the proposed algorithm
not only accurately identifies vertical cracks but also demonstrates high detection precision,
significantly reducing the false-negative rate. In conclusion, our algorithm demonstrates
outstanding detection capabilities across various scenarios, meeting the requirements of
road defect detection tasks.

To demonstrate the effectiveness of the improved YOLOv8 in detecting various road
surface defects, we compared it with the aforementioned algorithms in detecting specific
types of road surface defects. The comparison of detection results from multiple algorithms
is shown in Figure 16.

In Figure 16, the Faster-RCNN algorithm demonstrates average performance in de-
tecting various types of pavement defects. It particularly struggles with D10 type defects,
where it even misses detections. In comparison, the SSD algorithm improves overall detec-
tion accuracy for various pavement defects, although the improvement is not significant.
The YOLOv5s algorithm performs relatively well in detecting multiple types of pavement
defects, but its accuracy is lower compared to the YOLOv8s and YOLOv9-C algorithms.
The YOLOv7-tiny algorithm has fewer parameters than the other algorithms, but its de-
tection accuracy for the five types of pavement defects is relatively low, especially for D40
type defects, where it fails to detect the target defect. Both YOLOv8s and YOLOv9-C per-
form well in detecting the five types of pavement defects, but YOLOv9-C has an excessive
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number of parameters. The algorithm proposed in this paper is based on improvements
to YOLOv8s, achieving the highest overall accuracy and best detection performance for
specific types of pavement defects.

Figure 16. Detection results for different defect types.

4. Conclusions

We propose an efficient algorithm for pavement defect detection, improving upon
YOLOv8. Using SPD-Conv in the backbone network enhances the perception of image
details, making the model more flexible and accurate in handling road surface defects
in various scenarios. The ASF-YOLO network’s neck is utilized to integrate features
across different levels, thus better understanding and distinguishing between objects.
Introducing the improved C2f_Faster module in the neck area to adjust the network
architecture reduces parameters, making the model easier to deploy and use in resource-
constrained environments. The WIoU loss function is used to allocate attention to samples
of varying quality, preventing overfitting, thereby making the model more robust when
facing samples of different qualities and quantities. The above improvements enable the
improved YOLOv8 model to more accurately capture and analyze minor issues on the road
surface, enhance its ability to detect defects of various sizes and shapes, and better handle
various complex road surface defect scenarios, thereby improving the efficiency and quality
of road maintenance. Verified with the RDD2022 dataset, our method achieves an mAP@0.5
of 77.4%, surpassing the YOLOv8 model by 2.8%, demonstrating the superiority of the
improved algorithm in accuracy. Additionally, with only 8.62 M parameters, the model
maintains efficiency in terms of complexity. Moreover, a detection speed of 43 FPS indicates
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the model’s good processing speed in real-time scenarios, which enhances its practicality
in practical applications.

However, our method still has many areas that need improvement. Firstly, we have
not considered poor lighting conditions, and the robustness of the model under low light
or extreme weather conditions still needs to be enhanced. Additionally, our method still
has many false-detection issues, which remains a significant challenge. In upcoming work,
our primary goal will be to improve the model’s accuracy, efficiency, and applicability. We
will research how to achieve real-time monitoring and continuous learning mechanisms
to adapt to diverse environments and the emergence of new types of defects, further
improving the practicality and reliability of the model.
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