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ABSTRACT 

Road damage detection is vital for effective road maintenance and ensuring traffic safety. 

However, existing object detection models struggle with small objects, interference from 

complex backgrounds and difficulty handling multi-scale object features. To tackle these 

challenges, this study proposes an improved road damage detection model based on 

YOLO11. A novel RoadRep-C3 module is introduced to improve feature extraction, while 

an efficient multi-scale attention (EMA) mechanism captures multi-scale damage features 

more effectively. Additionally, a hypergraph structure is incorporated into the neck network 

to enable cross-stage information fusion, improving the detection of small objects. The 

proposed model also utilises a slide loss function to optimise performance on challenging 

samples. Experimental results on the RDD2022 dataset show a 2% increase in mean average 
precision (mAP@0.5) over the original YOLO11, with a reduced model size. These findings 

demonstrate the model’s high accuracy and efficiency, offering a practical solution for 

detecting road damage and enhancing traffic safety. 
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1. INTRODUCTION 

With the continuous development of urban transportation networks, the global road mileage is steadily 

increasing. However, as traffic volume grows and the service life of roads extends, road ageing and damage 
have become increasingly severe. Road damage, including potholes and cracks, not only affects the aesthetic 

appearance of cities but also poses significant risks to vehicle and pedestrian safety. If damaged roads are not 

detected in time, they may continue to deteriorate, resulting in greater losses. Timely, precise and efficient 
identification of road damage is essential for initiating early repairs and mitigating potential risks [1]. 

In recent years, the swift advancement of deep learning, especially in object detection algorithms, has 

opened up new opportunities for road damage detection [2-3]. However, several challenges remain in practical 

applications. First, road damage varies significantly in size and shape; for example, cracks are often narrow 
and elongated, while potholes are larger and irregular, making multi-scale object detection difficult. Second, 

some road damage areas are small, occupying a low proportion of the overall image, which makes them prone 

to missed detections. Additionally, the complexity of road environments often leads to false detections. 
Finally, road damage can appear differently across various road types, weather conditions and times of day, 

imposing higher requirements on model generalisation. 
To tackle these challenges, this paper applies the state-of-the-art YOLO11 (You Only Look Once11) object 

detection model for the detection of road damage and further enhances its accuracy and generalisation 

capabilities. The main contributions of this paper are as follows: 
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1) A novel feature extraction module, RoadRep-C3, is proposed, which leverages the RepVIt module (a 

lightweight vision transformer-based module) to redesign the bottleneck structure within the C3K2 module 
(a custom-designed block within YOLO11), significantly enhancing the accuracy and efficiency of feature 

extraction in the model. 

2) By integrating the EMA (efficient multi-scale attention module) attention mechanism with the RoadRep-

C3 module, the model’s ability to capture multi-scale damage features is enhanced. 
3) The YOLO11 neck network is replaced with the HyperC2Net (hypergraph-based cross-level and cross-

position representation network), which utilises a hypergraph structure to capture high-order semantic 

relationships in the feature space. This allows comprehensive fusion of information from the backbone 
network, improving the model’s robustness to complex road environments and enhancing its small-object 

detection capabilities. 

4) To mitigate the problem of sample classification imbalance in road damage detection, the slide loss 

function is employed. It places greater emphasis on difficult samples, such as small cracks, thereby 
improving detection accuracy.  

In summary, this paper presents a high-precision road damage detection model based on YOLO11, which 

introduces four improvements over the original YOLO11. These enhancements are specifically designed to 
optimise detection in complex road environments and for small cracks. The model significantly improves 

detection capabilities for challenging road damage, contributing to safer urban road traffic. 

2. RELATED WORK 

2.1 Road damage detection 

Road damage detection was traditionally done through manual inspections or dedicated sensor-equipped 

vehicles [4]. However, manual detection presents several drawbacks, including being time-consuming, labour-
intensive and inefficient. Moreover, its accuracy is heavily reliant on the experience of the personnel, making 

it challenging to ensure consistently reliable results [5]. Additionally, manual inspection may disrupt traffic 

flow, potentially causing safety hazards or even accidents, thereby endangering the safety of the inspectors. 
Dedicated detection vehicles improve efficiency, but their sensors may struggle under complex conditions like 

water or mud [6-8]. Moreover, these systems are prohibitively expensive, with high acquisition and 

maintenance costs, placing a heavy financial burden on some regions [9]. 

With the swift advancement of object detection algorithms driven by deep learning, their application in 
road damage detection has become increasingly widespread [10-16]. These algorithms can autonomously and 

accurately detect the location, type and boundaries of damage within images, facilitating quick, efficient and 

precise damage identification. At present, mainstream object detection algorithms are classified into two 
categories: two-stage and single-stage algorithms [17-18]. Two-stage algorithms perform object detection 

through candidate region generation followed by classification and regression, offering high detection 

accuracy but incurring significant computational costs, which makes them unsuitable for real-time detection 

[19]. Notable examples of two-stage algorithms include R-CNN, faster R-CNN and mask R-CNN [20-22]. For 
instance, Li et al. proposed an improved faster R-CNN model for crack recognition, incorporating attention 

mechanisms. This model employs ResNet50 as the backbone for feature extraction and integrates the squeeze-

and-excitation network to strengthen attention mechanisms, optimising the model’s ability to recognise 
complex patterns in images [23]. Furthermore, Li et al. constructed a pothole dataset encompassing diverse 

road conditions and environments and proposed an enhanced mask R-CNN model capable of accurately 

extracting the geometric characteristics and area data of identified potholes [24]. In contrast, single-stage 
algorithms directly perform object classification and localisation tasks on input images. These algorithms are 

faster, simpler and more efficient [25], with representative examples including the YOLO series and SSD 

object detection algorithms [26-28]. For example, Andika et al. applied image enhancement techniques such 

as smoothing and sharpening to a road damage dataset and then used SSD Mobilenet for damage detection, 
achieving a 2% accuracy improvement compared to the model without image enhancement. Ning et al., based 

on YOLOv7, replaced standard convolution with a combination of distributed shift convolution (DSConv) and 

efficient lightweight aggregation network (EDC), and improved the spatial pyramid feature network. This 
approach achieved a nearly 54% reduction in runtime while enhancing accuracy [29]. Zeng et al. introduced 

an optimised lightweight road damage detection algorithm built on YOLOv8. By incorporating Ghost 

convolution and a lightweight shared convolutional detection head, the model achieved a 1.4% increase in 
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accuracy with a parameter size of only 2.3 M [30]. To overcome the challenge of low detection accuracy in 

complex background settings, Zhang et al. designed a street-view-based pavement defect detection and 
statistical system. This system, built on YOLOv8 combined with the DeepSORT tracking algorithm, enables 

a single camera to perform road damage detection and statistical analysis [31]. 

2.2 YOLO11 

YOLO11, the newest generation of object detection algorithms in the Ultralytics YOLO series, was 
officially released by the Ultralytics team in September 2024 [32]. YOLO11 introduces an entirely new 

framework, demonstrating outstanding performance in detection accuracy, speed and efficiency. In 

comparison to previous versions, YOLO11 integrates lightweight design principles with enhanced feature 
extraction capabilities, enabling it to effectively capture intricate details from complex scenes. In addition, 

YOLO11 has achieved significant improvements in processing speed. Testing on the COCO dataset revealed 

that YOLO11m not only delivers higher mean average precision (mAP) and faster processing speeds compared 

to YOLOv8m but also reduces the parameter count by 22%. These lightweight and efficient characteristics 
make YOLO11 an ideal choice for road damage detection tasks [33]. 

 Figure 1 shows the architecture of YOLO11. Similar to its predecessor, YOLO11 employs a layered 

design, comprising a backbone network, a neck network and a prediction head. The backbone network 
comprises Conv modules, C3K2 modules, SPPF modules and C2PSA modules, which are responsible for 

multi-scale feature extraction from the input image. The neck network, incorporating Conv modules and C3K2 

modules, integrates multi-scale features from the backbone-generated feature maps, enhancing the model’s 
ability to detect objects across different scales. The head is tasked with generating bounding boxes and 

performing class predictions. Moreover, YOLO11 is versatile and can accomplish various computer vision 

tasks like instance segmentation, image classification and pose estimation, simply by replacing the head 

module [34]. 
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Figure 1 – The structure of YOLO11 
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Compared to its predecessor, YOLO11 introduces two core innovations. First, the conventional C2f module 

is substituted with the enhanced C3K2 module. Second, a C2PSA module is added after the SPPF (spatial 
pyramid pooling – fast) module, significantly improving the model’s capacity to extract and amalgamate 

features. The C3K2 module is an optimised variant of the cross-stage partial network (CSPNet). It employs 

two smaller convolutional kernels to replace the traditional large kernel, reducing computational cost while 

enhancing feature representation. Additionally, the C3K2 module allows the kernel size to be adjusted through 
parameters, enabling flexible adaptation to complex features under different receptive fields and improving 

the model’s proficiency in managing objects of varying sizes [35]. The C2PSA module (cross-stage partial 

with spatial attention) combines the advantages of CSPNet and spatial attention mechanisms. By introducing 
spatial attention, the C2PSA module effectively highlights significant features in the target region, 

strengthening the model’s attention on target regions while minimising reliance on extraneous background 

elements. This mechanism significantly lowers the false positive rate in complex scenarios, improving both 

detection accuracy and model robustness [36]. These innovations position YOLO11 as a more efficient and 
adaptable detection model for handling complex and multi-scale visual tasks. 

3. METHODOLOGY 

Road damage detection faces numerous challenges, such as difficulties in detecting small objects, false 

positives and missed detections in complex scenarios, and significant differences in the scales of various types 

of damage. Moreover, the detection accuracy of the original YOLO model remains insufficient for practical 

applications, limiting its widespread adoption in real-world road scenarios. To overcome these limitations, this 
study introduces a set of improvements tailored to the YOLO11s. First, a new feature extraction module, 

RoadRep-C3, is designed by combining the strengths of the RepViT and C3K2 modules. This module 

improves both feature extraction accuracy and efficiency, allowing the model to more effectively capture key 
features of road damage. Next, the EMA attention mechanism is integrated into the 7th and 9th layers of the 

backbone network, boosting the model’s ability to detect multi-scale damage features and improving its 

adaptability to complex conditions. Then, the original neck network is substituted with HyperC2Net, which 
leverages hypergraph structures to capture high-order semantic relationships in the feature space. This 

approach empowers the model to cohesively unify information propagated through the backbone network, 

strengthening its ability to process complex scenes and detect small objects. Finally, slide loss is utilised to 

address sample distribution imbalance while focusing more on difficult samples, thereby improving the 
model’s performance in detecting small objects. The structure of the improved network is illustrated in Figure 

2. By integrating these advancements, the model achieves heightened detection fidelity, stability and 

generalisability, positioning it as a more effective solution for authentic road defect recognition workflows. 
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Figure 2 – The structure of improved YOLO11 
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3.1 RoadRep-C3 

To strengthen the model’s robustness in identifying targets under diverse and challenging road conditions, 
this paper proposes a novel feature extraction module called RoadRep-C3. The original C3K2 module, one of 

the key innovations in YOLO11, replaces a single large convolutional kernel with two smaller ones, thereby 

improving feature extraction efficiency while reducing computational costs. However, its design primarily 

focuses on computational efficiency. This limitation may hinder the model’s ability to accurately capture 
detailed spatial features in complex road environments. To address this, the RoadRep-C3 enhances the model’s 

capacity to detect subtle and small features, such as cracks, which are often difficult to capture due to their size 

and irregular shape. Cracks, unlike larger and prominent objects, require specialised attention from the model. 
The RoadRep-C3 aids in this by providing better feature extraction capabilities, specifically for fine-grained 

details. 

Wang et al. combined lightweight vision transformer (ViT) structures with traditional CNNs to propose a 

novel lightweight network called RepViT [37]. The core of the RepViT network lies in its RepViTBlock, 
which is inspired by the inverted residuals structure in MobileNetV3. The RepViTBlock separates the token 

mixer, responsible for processing spatial features, from the channel mixer, which manages information 

exchange along the channel dimension. Unlike traditional CNNs, where convolutional layers simultaneously 
handle both spatial and channel information, RepViTBlock adopts a ViT-like design by splitting these two 

operations. A 3x3 depthwise separable convolution is used to extract spatial features, followed by a 1x1 

convolution for channel expansion and mapping [38]. This design not only reduces computational overhead 
but also enhances the network’s representational capacity, allowing it to capture key features in complex 

scenarios more effectively. Additionally, during inference, the multi-branch topology of the token mixer is 

merged into a single depthwise convolution through a structural re-parameterisation process. This approach 

effectively reduces computational and storage overhead, thereby improving computational efficiency [39-40]. 
The network structure of RoadRep-C3 is depicted in Figure 3. By replacing the original bottleneck structure 

with the RepViTBlock and maintaining the adjustable architecture of C3K2, RoadRep-C3 can adapt its internal 

structure through changes to the C3K parameters. This new feature extraction module achieves stronger feature 
extraction capability and higher computational efficiency. 
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Figure 3 – The structure of RoadRep-C3 
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3.2 Efficient multi-scale attention mechanism 

To tackle the difficulties posed by the significant scale differences in various types of road damage and the 
complexity of certain road environments, this paper introduces the efficient multi-scale attention (EMA) 

mechanism [41]. Attention mechanisms dynamically assign different weights to various feature information, 

strategically amplifying the most discriminative attributes. This refinement optimises feature representation, 

leading to enhanced detection precision in the model. Unlike traditional channel attention and spatial attention 
mechanisms, EMA combines the advantages of both. Although channel attention offers high computational 

efficiency, it fails to capture spatial information, whereas spatial attention can capture spatial relationships but 

significantly increases computational complexity. EMA achieves an optimal balance between multi-scale 
feature representation and computational efficiency, preserving hierarchical spatial information while 

minimising resource-intensive operations. The design of EMA is inspired by the coordinate attention (CA) 

mechanism, particularly the integration of spatial positional information with channel attention [42]. The 

structure of EMA is shown in Figure 4. EMA employs a multi-scale design: a 1x1 convolution branch captures 
local inter-channel feature information, while a 3x3 convolution branch captures global feature information. 

These two branches are further integrated using a cross-space learning approach. The multi-scale feature 

extraction capability of EMA plays a crucial role in detecting small, subtle features like cracks. Cracks, which 
often vary in size and shape, can be easily overlooked unless the model effectively captures both fine-grained 

local details and broader spatial patterns. Cross-space learning fuses data from various spatial dimensions, 

constructing pixel-level correspondences between the branches. This operation not only enables the integration 
of global spatial information and local details but also improves the model’s ability to effectively capture multi-

scale features. Consequently, EMA markedly enhances the model’s efficacy in discerning essential features 

across multiple scales and intricate road environments. 
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Figure 4 – The structure of EMA 
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3.3 Improved neck network 

HyperC2Net is a cross-layer and cross-position feature representation network based on hypergraph 
computation, proposed by Feng et al. [43]. By introducing hypergraph computation and high-order information 

propagation, HyperC2Net substantially improves the model’s ability to interpret and analyse road 

environments, while also boosting its ability to detect small objects. The structure of HyperC2Net is illustrated 

in Figure 5. The network consists of four stages: semantic collecting, hypercompute, semantic scattering and 
bottom-up. 
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Figure 5 – The structure of HyperC2Net 

In the semantic collecting stage, B1 to B5 represent the five feature extraction layers of the backbone 
network, ranging from shallow to deep layers. The purpose of this stage is to fuse multi-scale feature 

information from the backbone into a hybrid feature map, which combines features across multiple levels. The 

core innovation of HyperC2Net lies in its hypergraph computation, which utilises high-order information from 

the hypergraph to uncover complex feature relationships in the semantic space [44]. A hypergraph G={V,E} 
is defined by a set of nodes V and a set of hyperedges E. In HyperC2Net, each point in the hybrid feature map 

is considered a vertex of the hypergraph. Hyperedges are constructed based on the Euclidean distance between 

feature points: if the distance between two nodes falls below a predefined threshold, they are connected to the 
same hyperedge. Once the hyperedges are constructed, the next step is to perform hypergraph convolution. 

The purpose of hypergraph convolution is to propagate information through the hyperedges and capture 

complex high-order relationships among nodes in the hypergraph. This process enriches the feature 

representations, particularly in capturing subtle and complex dependencies in the data. The mathematical 
formula for hypergraph convolution is as follows [45]: 

{
 
 

 
 𝒙𝑒 =

1

|𝒩𝑣(𝑒)|
∑  

𝑣∈𝒩𝑣(𝑒)

𝒙𝑣𝜣

𝒙𝑣
′ = 𝒙𝑣 +

1

|𝒩𝑒(𝑣)|
∑  

𝑒∈𝒩𝑒(𝑣)

𝒙𝑒    

 (1) 

In hypergraph convolution, 𝒙𝑣represents the feature vector of node 𝑣, indicating its original feature in the 

hypergraph. 𝒩𝑣(𝑒)  denotes the set of nodes connected by hyperedge 𝑒 , and 𝒩𝑒(𝑣)  represents the set of 

hyperedges associated with node 𝑣. 𝒙𝑒   is the feature vector of hyperedge 𝑒, and since a hyperedge can connect 
more than two nodes, the feature of a hyperedge is an aggregation of the features of all its connected 

nodes.|𝒩𝑣(𝑒)| and |𝒩𝑒(𝑣)| denote the number of nodes within hyperedge 𝑒 and the number of hyperedges 

connected to node 𝑣, respectively. 𝚯 is a parameter matrix used to learn and adjust the relationship between 

node features and hyperedge features. The first formula aggregates the features of nodes associated with 

hyperedge 𝑒, resulting in a global feature 𝒙𝑒 for the hyperedge. The second formula describes how to update 

the feature of node 𝑣, where the updated feature is determined by taking a weighted average of the original 
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feature and the features of all hyperedges connected to the node. Thus, hypergraph convolution aggregates the 

features of multiple nodes via hyperedges, constructing high-order relationships between nodes and enhancing 
the model’s understanding of the semantic space. 

After completing hypergraph computation, the semantic scattering stage distributes the generated high-

order features across different semantic layers, further achieving cross-level information fusion. The high-

order features are fused with the original feature layers from the backbone network, enabling each feature layer 
to simultaneously incorporate both high-order features and low-level details, enriching the semantic richness 

of the feature maps. Finally, the bottom-up stage further integrates the multi-level features to produce the final 

multi-scale feature map, which is then forwarded to the detection head for processing. 

3.4 Slide loss 

In object detection, the scarcity of hard samples compared to their simpler counterparts often induces a 

training bias, where models disproportionately emphasise easily learnable features while underrepresenting 

complex or rare patterns. Consequently, in road damage detection, small, hard-to-identify targets are often 
overlooked, resulting in frequent missed detections. To mitigate this challenge, this paper introduces the slide 

loss function. Slide loss is a simple yet efficient weighted loss function that combines traditional loss functions 

with a weighted mixing mechanism, employing dynamic weight assignment to focus more on learning from 
hard samples [46]. Its core concept lies in the slide weight function, as defined by the following formula: 

𝑓(𝑥) = {

    1    𝑥 ≤ 𝜇 − 0.1

    𝑒1−𝜇     𝜇 < 𝑥 < 𝜇 − 0.1

    𝑒1−𝑥    𝑥 ≥ 𝜇    

 (2) 

In the slide weight function, 𝑥 denotes the IoU (Intersection over Union) between the predicted bounding 

box and the ground truth box. 𝜇 is the average IoU of the samples, acting as a dynamic threshold to categorise 

samples into three types. When 𝑥 ≤ 𝜇 − 0.1, the sample has low overlap with the ground truth and is treated 

as a negative sample, assigned the lowest weight. When 𝑥 ≥ 𝜇, the sample is considered a positive sample, 

assigned a higher weight. When 𝜇 < 𝑥 < 𝜇 − 0.1, the sample lies near the decision boundary between positive 

and negative categories. These samples are the focus of the slide weight function and are assigned the highest 
weights. Slide loss demonstrates significant improvements in scenarios with imbalanced sample distributions. 

In the challenging task of road damage detection, slide loss substantially enhances the model’s ability to detect 

small-scale targets and capture intricate road surface patterns. Additionally, its dynamic thresholding 

characteristic reduces the need for manually setting hyperparameters, enabling automatic optimisation for 
learning hard samples. 

4. EXPERIMENTS 

4.1 Dataset 

The road damage dataset used in this experiment, RDD2022, forms part of the Crowdsensing-based Road 

Damage Detection Challenge (CRDDC 2022) [47-48]. It includes road damage images from six countries: the 

United States, China, India, Japan, Norway and the Czech Republic. For this study, 4,378 images of road 
damage from China were selected, captured by motorcycle-mounted cameras and low-altitude drones. The 

collection environments included normal lighting, shadowed conditions and post-rain scenarios. 

The dataset comprises five types of damage: vertical cracks (D00), horizontal cracks (D10), alligator cracks 
(D20), potholes (D40) and patches. The first four categories are road damages that require timely repair, while 

patches are maintenance objects requiring regular inspection. Figure 6 shows typical images of the five damage 

types from the RDD2022 dataset. All images have a resolution of 512x512. Figure 7 illustrates the distribution 
of the five damage types, revealing that vertical cracks are the most common road damage, and potholes are 

the least frequent. The labels in the original dataset follow the Pascal VOC format. To align with the YOLO 

model requirements, the labels were converted into the YOLO format using a Python script. For the 

experiment, the dataset was randomly split into training, validation and testing sets with an 8:1:1 ratio, resulting 
in 3,502 images for the training set, and 438 images each for the validation and testing sets. This setup ensures 

a balanced evaluation across different stages of model training and testing. Since the YOLO framework 

incorporates various built-in data augmentation techniques, such as spatial transformations, colour adjustments 
and mosaic augmentation, no additional data augmentation was applied to the training set. 
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Figure 6 – The five types of road damage: a) D00; b) D10; c) D20; d) D40; e) Repair 

  
Figure 7 – Distribution of the five types of road damage 

4.2 Experimental environment and parameter settings 

The computer configuration used for this experiment includes an AMD Ryzen 7 7700 8-Core Processor, 

32GB RAM and an NVIDIA GeForce RTX 4080 SUPER GPU with 16GB VRAM. The operating system is 

Windows 11, and the Python interpreter version is 3.10.15. The deep learning framework is PyTorch 2.5.0, 
with CUDA 12.4 for GPU acceleration. The hyperparameters used during training are shown in Table 1. 

Table 1 – Hyperparameter settings 

Hyperparameters Value 

Image size 640x640 

Learning rate 0.01 

Optimiser SGD 

Batch size 32 

Workers 8 

Epochs 300 

4.3 Evaluation metrics 

The evaluation metrics used in this experiment include mean average precision (mAP), F1 score, params 

and GFLOPs. These metrics collectively enable a holistic evaluation of the model’s efficacy, robustness and 

computational efficiency in real-world road damage identification scenarios. mAP and F1 score are the core 

indicators for measuring the detection accuracy and overall performance of the model, directly reflecting its 
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detection capability. Parameter count and GFLOPs measure the model’s lightweight design and computational 

complexity, ensuring that the model improves performance without significantly increasing its size, rendering 
it practical for real-world applications with strict hardware or energy constraints. 

 The computation of mAP and F1 score requires two intermediate metrics: precision and recall, which 

are defined as follows: 

Precision=
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (3) 

Recall=
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (4) 

TP refers to samples that are correctly identified as positive by the model. FP indicates samples that the 

model predicts as positive but are actually negative, while FN represents samples that the model incorrectly 

classifies as negative when they are actually positive (missed detections). Therefore, precision calculates the 

ratio of true positive samples to all those predicted as positive by the model, whereas recall assesses the 
proportion of actual positives accurately detected by the model. 

To offer a thorough assessment of the model’s performance, mAP and F1 score are used, and their formulas 

are as follows: 

𝑚𝐴𝑃 =
1

𝑛
∑  𝑛
𝑖=1 ∫  

1

0
Precison( Recall)𝑑(𝑅𝑒𝑐𝑎𝑙𝑙)  (5) 

𝐹1 = 2
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ⋅ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (6) 

In object detection tasks, mAP is the most widely used performance metric, providing an overall measure 

of detection accuracy across multiple categories. The F1 score, defined as the harmonic mean of precision and 
recall, reflects the model’s balance between missed detections (FN) and false detections (FP). A higher F1 

score signifies better performance. Parms represents the number of learnable parameters in the model, while 

GFLOPs refers to the number of billions of floating-point operations the model performs per second. 

4.4 Ablation experiments 

To investigate whether all proposed improvement modules are effective for road damage detection, ablation 

experiments were conducted on the RDD2022 dataset. The results are summarised in Table 2, where A 

represents the RoadRep-C3 module, B represents RoadRep-C3 with EMA attention, C represents the improved 
neck network and D represents the slide loss. The training process of the original YOLO11 model and the 

improved YOLO11 model is illustrated in Figure 8. 

The RoadRep-C3 module was designed to enhance feature extraction by focusing on critical road damage 
characteristics, such as cracks and textures, which are typically challenging to detect under complex road 

conditions. Experimental results show that integrating the RoadRep-C3 module led to a 1.2% increase in 

mAP@0.5, while the model’s parameter count and computational cost decreased by 1.22 M and 2.3 GFLOPs, 

respectively. These results demonstrate the module’s effectiveness in improving detection accuracy while 
simultaneously reducing model complexity. Theoretically, the EMA mechanism enhances multi-scale feature 

representation by dynamically adjusting attention across various scales, thus improving the model’s capability 

to handle road damages of varying sizes. Experimental results highlight that the EMA mechanism led to the 
most significant improvement in the F1 score, validating its effectiveness in enhancing feature representation 

across different damage scales. The improved neck network, which incorporates hypergraph-based 

computation, enables more efficient fusion of features from different stages of the network. Theoretically, this 
approach improves the model’s ability to handle complex road damage scenarios by combining fine-grained 

features with higher-level contextual information. However, experimental results show that while the mAP 

increased to 86.4%, the parameter count and computational cost also increased significantly. This trade-off 

suggests that while hypergraph-based computation enhances performance in complex scenarios, it also 
demands higher computational resources. Experimental results show that the addition of slide loss led to 

improvements in detection accuracy. The dynamic weight adjustment mechanism allowed the model to focus 

on harder samples, which would have otherwise been overlooked due to their proximity to the decision 
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boundary. Moreover, slide loss helped alleviate issues related to sample imbalance, ensuring that rare and 

small road damage instances were more effectively learned by the model. 
 Combining all the proposed modules resulted in a complete model with an mAP@0.5 of 87.0%, a 2% 

improvement compared to the baseline, while reducing the parameter count by 0.18 M. The ablation 

experiment results demonstrate that all the proposed modules effectively improve and enhance the model’s 

detection capability in road damage detection tasks. 

Table 2 – Ablation experiment results 

Model A B C D mAP@0.5 F1/% Params/M GFLOPs 

YOLO11s     85.0 81.2 9.41 21.3 

YOLO11s √    86.2 81.6 8.19 19.0 

YOLO11s √ √   86.4 83.0 8.20 19.1 

YOLO11s √ √ √  86.8 82.1 9.23 21.5 

YOLO11s √ √ √ √ 87.0 83.2 9.23 21.5 

 
(a) 

 
(b) 

 

(c) 

 

(d) 

Figure 8 – Training process of YOLO11 and the improved YOLO11: a) Precision curve; b) Recall curve; c) mAP@0.5 curve; 
d) mAP@0.5:0.95 curve 

4.5 Comparison experiments 

To further assess the practical effectiveness of the proposed improvements, comparative experiments were 

performed on the RDD2022 dataset with mainstream algorithms. The improved YOLO11 proposed in this 

paper was compared with other state-of-the-art object detection models. The YOLO11 was used as the 
baseline, and the comparison included YOLO series models such as YOLOv8s, YOLOv9s and YOLOv10s, as 
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well as the Faster-RCNN based on a two-stage detection framework and RT-DETR-L, which is transformer-

based. As seen in Table 2, the improved YOLO11 significantly outperforms other models in mAP@0.5, F1 
score and parameter count, while the GFLOPs only increased by 0.2. Considering both accuracy and 

computational complexity, the proposed model delivers excellent detection capabilities while preserving a 

streamlined and efficient structure, making it a balanced and efficient solution for road damage detection tasks. 

Table 3 – Comparison of experiment results 

Model mAP@0.5/% F1/% Params/M GFLOPs 

Faster-RCNN 77.6 63.0 41.37 - 

RT-DETR-L 81.2 77.2 28.45 100.6 

YOLOv8s 83.9 81.6 11.12 28.4 

YOLOv9s 84.5 80.7 7.17 26.7 

YOLOv10s 81.9 78.5 8.04 24.5 

YOLO11s 85.0 81.2 9.41 21.3 

Ours 87.0 83.2 9.23 21.5 

4.6 Visualisation 

To visually assess detection performance, a comparative visualisation experiment was performed between 

the improved YOLO11 and the original YOLO11, focusing on four typical scenarios. The detection results are 

presented in Figure 9. In Figure 9a-9b, in addition to the prominent road cracks, minor fissures are also visible. In 

Figure 9e-9h, the cracks are concealed within the zebra crossings or lane markings. Figure 9i-9l depicts a complex 
road environment, where lane markings, manhole covers and speed bumps overlap, with cracks or repair 

patches interspersed. Figure 9m-9p displays scenarios involving occlusions caused by vegetation, vehicles and 

shadows. 
In these complex scenarios, the original YOLO11 failed to detect some targets, resulting in missed 

detections, while the improved YOLO11 successfully identified these targets. The experimental results 

indicate that the improved YOLO11 model performs better in complex scenarios, offering higher accuracy for 

small targets and significantly reducing missed detection rates. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

 
(g) 

 
(h) 
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(i) 

 
(j) 

 
(k) 

 
(l) 

 
(m) 

 
(n) 

 
(o) 

 
(p) 

Figure 9 – Comparison of detection results between YOLO11 and the improved YOLO11: a) YOLO11; b) Improved YOLO11; c) 
YOLO11; d) Improved YOLO11; e) YOLO11; f) Improved YOLO11; g) YOLO11; h) Improved YOLO11; i) YOLO11; j) Improved 

YOLO11; k) YOLO11; l) Improved YOLO11; m) YOLO11; n) Improved YOLO11; o) YOLO11; p) Improved YOLO11 

5. DISCUSSION  

This study proposes an improved YOLO11 model for road damage detection, demonstrating significant 

performance enhancements in detecting small objects, handling complex road environments and addressing 

multi-scale road damage features. The experimental results show a 2% improvement in mAP@0.5 compared 
to the original YOLO11 model, with particularly noticeable gains in challenging scenarios, such as detecting 

small cracks and damage hidden in complex backgrounds like road markings or shadow-covered damage. 

In terms of dataset selection, this study uses the Chinese subset of the RDD2022 dataset, which includes 
two collection methods: motorcycle-mounted cameras and low-altitude drones. This multi-perspective data 

collection approach provides a more comprehensive set of damage information for the model to learn from. 

Road conditions, climate and driving habits in different regions can significantly impact the formation of road 

damage, leading to various types and characteristics of road damage. By using the Chinese dataset, this study 
eliminates the interference from diverse regional road materials, allowing for an evaluation of the model’s 

performance improvement in a relatively consistent and controlled environment, ensuring the reliability of the 

results. Nevertheless, relying on data from a single region may limit the diversity of damage types and styles. 
Future studies can expand the dataset to test the model’s robustness across different regions. 

In practical applications, the improved YOLO11 model shows considerable potential. The improved model 

has a lightweight design with only 21.5 GFLOPs, making it suitable for deployment on edge devices or drones 
for real-time road damage detection. The inclusion of drone-collected images in training allows for the 

potential direct deployment of this model on drones for road inspection. Drone-based periodic and scheduled 

patrols will enable all-weather, real-time road damage monitoring, ensuring timely identification of damage 

and the implementation of preventive measures. Such advancements aim to reduce accidents and provide more 
reliable technological support for intelligent transportation systems and infrastructure maintenance. 

6. CONCLUSIONS 

This paper introduces a road damage detection model based on YOLO11, overcoming challenges such as 

small-object detection difficulties, interference from intricate backgrounds and significant multi-scale target 

differences in road damage detection tasks. Several optimisation modules were introduced to improve the 
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original YOLO11. First, the RoadRep-C3 module was incorporated to significantly enhance the precision and 

efficiency of the feature extraction process. Second, the integration of the EMA mechanism strengthened the 
model’s capacity to identify and process multi-scale damage characteristics. Third, the hypergraph structure 

was utilised in the neck network to capture high-order information in the semantic space, achieving cross-stage 

information fusion and feature enhancement, which effectively improved the detection capability for small 

targets. Finally, the slide loss function was introduced to address the disparity between simple and complex 
samples, thereby boosting the model’s efficacy in extracting insights from challenging data instances. 

Experimental results demonstrate that the improved YOLO11 achieves a 2% increase in mAP on the 

RDD2022 dataset while reducing parameter count by 0.18 M. Moreover, in various complex scenarios, such 
as small objects, occlusions and complex backgrounds, the improved model outperformed the original 

YOLO11, with a significant reduction in missed detections. 
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