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Abstract: In this paper, a novel attention- and lightweight convolution-based road damage detection
network (ALC-Net) is proposed to address the trade-off between accuracy and real-time performance in
processing unmanned aerial vehicle (UAV) imagery. Specifically, a lightweight module that integrates
ghost convolution with the squeeze-and-excitation (SE) attention mechanism is designed, which
effectively reduces model parameters while enhancing detection accuracy. The focus module is
introduced to perform downsampling and channel-wise concatenation of input images, thereby enriching
feature diversity. Furthermore, a coordinate attention mechanism is incorporated to aggregate horizontal
and vertical spatial information, emphasizing subtle road damage characteristics. The proposed ALC-Net
is comprehensively evaluated on a UAV-captured road damage dataset, demonstrating superior detection
performance compared to other state-of-the-art approaches. The contributions of key components in ALC-
Net are also validated through ablation studies, confirming their ability to enhance feature extraction
capabilities while reducing computational complexity. Additionally, experiments on non-UAV road
damage datasets further reveal the robust generalization capability of ALC-Net, exhibiting substantial
potential for broader applications.
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1. Introduction

Road damage detection involves localizing and identifying surface defects such as cracks and potholes via
image or sensor data to assess road conditions and guide maintenance efforts [1,2]. Traditional methods rely on
manual inspections or road inspection vehicles, which suffer from inefficiency and high costs. Therefore, intelligent
detection algorithms that can be broadly categorized into vibration sensors-based, 3D sensors-based, and images-
based [3] are developed. Within them, images-based methods have become mainstream due to the advancements in
computer vision. But existing road damage images primarily derive from vehicle-mounted or handheld cameras,
resulting in sophisticated data collection processes and inconsistent image quality. Along with the rapid development
of low-altitude unmanned aerial vehicle (UAV), integrated schemes, which acquire high-resolution road images via
UAVs and apply advanced detection algorithms to classify and localize damage, gradually stand out. Benefiting from
the advantages of UAV, this paradigm enhances image quality, expands coverage and simplifies data collection. In
addition, real-time accurate detection can also be realized through advanced object detection algorithms, which
remains a critical research focus in academia.

In the research of object detection, accuracy and real-time performance are essential yet challenging to balance.
For instance, hybrid models combining Transformers and convolutional neural networks (CNNs) have been proposed
to address complex backgrounds and multi-scale targets, but sacrifice inference speed for improved accuracy [4].
Distributed edge-cloud collaborative frameworks [5] and edge-embedded lightweight algorithms with attention
mechanisms have been introduced to accelerate inference, but destroy partial performance. And specific to the
research of road damage detection, further unique challenges are posed due to complex morphologies, background
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interference, and small crack sizes. To address these issues, methods such as enhanced multi-target extraction via
improved YOLOVS [6] (You Only Look Once) and GAN-based texture synthesis for data augmentation [7] have
been proposed. Although the detection effect is improved, additional convolutional or attention modules increases
model complexity and computational burdens. Thus, lightweight techniques like depthwise separable convolution [5],
tensor decomposition [8], and knowledge distillation [9,10] have also been researched, but they inevitably degrade
accuracy and necessitate manual verification, leading to limited practical utility.

Building upon the discussions above, an innovative road damage detection model ALC-Net is proposed based
on YOLOv11 in this paper, tailored for UAV-captured road scenes to achieve precise and efficient detection.
Particularly, a focus module is introduced to downsample and concatenate input images, reducing interference from
irrelevant high-resolution details while enriching feature diversity. Then, a coordinate attention mechanism [11] is
integrated to aggregate global information and emphasize fine crack features. After that, ghost convolutions [12] are
adopted to replace standard convolutions to minimize parameters and facilitate lightweight deployment, while mitigating
performance degradation since their inherent feature. Additionally, a squeeze-and-excitation (SE) module [13] is
incorporated to capture channel-wise dependencies, enhance global feature integration, and amplify critical ghost
feature maps through adaptive channel recalibration. Consequently, the model can not only adapt to the lightweight
deployment on the UAV, but also ensure robust and excellent detection performance. It is worth mentioning that
YOLOV11 is selected as the baseline due to its well-balanced architecture that offers a strong trade-off between speed
and accuracy in this task, outperforming models such as YOLOv8 and YOLOvI10 and providing a robust yet
straightforward foundation for integrating the proposed strategies.

The main contributions of this article are summarized as follows.

o A novel high-accuracy and lightweight detection network ALC-Net is proposed, specifically tailored for the
challenging task of road damage detection in high-resolution UAV imagery with enhanced efficiency.

e A lightweight convolutional block is designed and implemented, integrating ghost convolution and SE
attention mechanisms to achieve significant parameter reduction while simultaneously enhancing discriminative
feature representation.

e Specific architectural components, namely the focus module and coordinate attention mechanism, are
strategically incorporated, bolstering the feature extraction and spatial awareness capabilities of the network for robust
damage detection.

The remainder of this paper is organized as follows. Related works are reviewed in Section II. The proposed
ALC-Netis comprehensively elaborated in Section III. Experimental results are presented in Section [V, and
conclusions are finally provided in Section V.

2. Related Work

In this section, a comprehensive review of the current state-of-the-art object detection models relevant to our
work is provided. Furthermore, research on personalized models tailored specifically for the unique challenges of
road damage detection is also highlighted.

2.1. Overview of Object Detection Models

Object detection models, which aim to locate and classify objects within images, can be broadly categorized
based on their detection and recognition strategies into two main types: two-stage and one-stage detectors. Two-stage
detectors, such as the prominent R-CNN series including Faster R-CNN [14], Mask R-CNN [15], and Cascade R-
CNN [16], partition the object detection process into two sequential stages. The initial stage involves proposing a
sparse set of candidate object locations, which are often generated by a dedicated Region Proposal Network (RPN).
The subsequent stage then classifies each proposed region and refines its bounding box. Faster R-CNN revolutionizes
this approach by integrating the RPN into the neural network, significantly accelerating proposal generation compared
to earlier methods like selective search. Mask R-CNN extends this by adding instance segmentation, while Cascade R-
CNN improves localization accuracy through cascaded refinement stages with increasing IoU thresholds. Although
two-stage detectors generally achieve high accuracy and robustness, their sequential nature and the processing of
multiple proposals result in higher computational cost and slower inference speed. These characteristics typically
render them less suitable for deployment in resource-constrained environments like UAVs.

In contrast, one-stage detectors directly predict object bounding boxes and class probabilities across the entire
image in a single forward pass. This end-to-end approach eliminates the explicit region proposal stage, leading to
significantly faster inference and simpler architectures. Representative algorithms include the widely-used YOLO
series [17,18], RetinaNet [19] and SSD (Single Shot MultiBox Detector) [20]. In YOLO, a grid-based prediction
method is introduced, where each grid cell is responsible for detecting objects centered within it. SSD improves upon
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this by utilizing multi-scale feature maps from different network layers and employing a set of predefined default
boxes at various scales and aspect ratios to handle objects of different sizes effectively. Subsequent iterations of the
YOLO series have continuously pushed the boundaries of speed-accuracy trade-off through architectural
advancements like improved backbones, sophisticated feature fusion networks, and advanced training techniques
[21,22]. In addition, research on intelligent optimization algorithms has also laid a solid foundation for further
improving detection accuracy [23—29]. These developments have established one-stage detectors as compelling
choices for applications that require high-speed performance.

Despite the impressive performance on a wide range of general object detection tasks has been achieved, these
generic models often require task-specific adaptations to achieve optimal results in specialized domains with unique
object characteristics or challenging imaging conditions [30—32]. One such challenging domain is object detection in
high-resolution aerial images captured by UAVs. This task presents several unique difficulties, such as the high
resolution of imagery covering vast areas, the prevalence of tiny objects occupying only a few pixels, significant
object scale variations, and so on. To address these issues, extensive research has been conducted into specialized
methods for UAV object detection [33—35]. For instance, to improve small-target perception while reducing
parameters, the large-object detection heads in YOLOVS have been replaced with specialized tiny-object prediction
heads [36]. Similarly, a feature optimization fusion (FOF) module has been introduced in [37], which combines
deformable [38] and partial convolutions [39], to refine multi-scale feature integration.

While these methods have shown promising results on general UAV image datasets, the objects detected are
typically common categories like vehicles or buildings. The distinct visual properties of road damage, which differs
significantly from these targets, mean that the generalization performance of these methods directly to UAV-based
road damage detection is not guaranteed, highlighting the need for dedicated research in this specific application area.

2.2. Overview of Road Damage Detection Models

Road damage (see Figure 1), such as cracks (including longitudinal, transverse, and alligator patterns) and
potholes, possesses characteristics vastly different from common objects. These damages exhibit diverse shapes, sizes
ranging from hairline cracks to large surface defects, and often have low contrast against varied road textures.
Notably, cracks frequently present extreme length-to-width ratios, posing a unique challenge for detection. Various
techniques tailored to these attributes have been explored to specifically address road damage detection in recent
research. Some methods adapt general object detection frameworks to better handle the multi-scale nature and diverse
types of damage. For example, in [40], an improved YOLOvVS5 has been integrated with ensemble learning to boost
detection capability for multi-scale damage and validated its performance on datasets including disaster-induced road
damage. To address the critical issue of fine detail loss in deeper network layers, a cross-layer attention mechanism
has been proposed in [41], which adaptively reinforces shallow features and ensures ample edge details for reference.
Furthermore, to tackle the challenge of detecting damages with extreme aspect ratios, in [42], the standard
downsampling in YOLOX has been replaced with the refined switchable atrous convolution [43], which allows the
network to adaptively adjust its receptive field shape and size. Beyond these specific approaches, there are other
innovations [44,45] available for the detection accuracy or model efficiency.

Longitudinal crack Transverse crack Oblique crack

Repair Alligator crack Pothole

Figure 1. Types of road damage.

In summary, while significant progress has been made in both generic object detection and its application to
challenging domains like UAV imagery, as well as in specialized road damage detection, a notable research gap
exists concerning the task of detecting road damage from the specific viewpoint of low-altitude UAVs. A substantial
portion of existing road damage research focuses on ground-level data, which differs significantly from aerial-view
imagery in terms of perspective, lighting, and the scale and appearance of damage relative to the scene. Therefore,
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this study addresses this gap by focusing on constructing a real-time and efficient detection model specifically
designed for low-altitude UAV aerial-view imagery to achieve rapid and accurate identification of various types of
road damage, thereby contributing to the advancement of technology in this critical domain.

3. Methodology

In this section, the overall framework of the proposed ALC-Net is elaborated, and the critical improvements are
also detailed, as well as their mechanisms and advantages for road damage detection.

3.1. Overall Framework of ALC-Net

The overall framework of the ALC-Net is illustrated in Figure 2, which builds upon the YOLOv11 architecture
with targeted improvements for road damage detection. In general, the model is divided into three components:
backbone, neck, and detection head. The input image sequentially passes through these components to generate
detection results, including bounding boxes and class probabilities. Firstly, the backbone is constructed to extract
multi-scale features from the input image. Specifically, the input image is first passed through the focus module for
downsampling and stitching, and then followed by four convolution operations combined with the attention
mechanism and the C3K2 module (a cross stage partial-style bottleneck module). It is noticeable that these operations
incorporate coordinate attention, ghost convolution, SE attention, and spatial pyramid pooling fast (SPPF), enhancing
focus on target regions and fine-grained damage. After that, the C2PSA module (cross stage partial with pyramid
squeeze attention) is designed to further enhance features prepared for the next process.

2 Focus
(=}
=
3
m
C3k2
Coordinate ‘ C2PSA
Attention §
Z
Ghost Ghost conv
Convolution
SE Attention . Detect head
| 3
s
SPPF
| & Concatenate

Figure 2. Overall framework of proposed ALC-Net. It is divided into three major parts: backbone, neck and head.
The enhancement strategies are conducted on the backbone.

Secondly, the neck adopts a feature pyramid network (FPN) structure to fuse multi-scale feature maps from the
backbone. In particular, features from the backbone are upsampled and convolved to generate three distinct scales,
which are then concatenated channel-wise with corresponding features in the backbone to form fused multi-scale
representations. Thirdly, the detection head consists of three detection units, which are designed for processing
features from the neck at different scales and generating detection results, respectively. Finally, detections are
aggregated and visualized on the original image.

3.2. Focus Module

Considering the tiny and localized characteristics of the road damage, the focus module is introduced and
positioned at the first layer of the backbone, which enhances the perception capacity to subtle damage by strategically
downsampling and reorganizing input images. The implementation details are shown in Figure 3, let the input image
be I € RTWXC The module first performs sampling with a stride of 2 in both spatial dimensions, effectively
partitioning / into non-overlapping 2 x 2 patches and extracting one pixel from each patch based on its position. This
generates four sub-feature maps denoted as Fy, F,F,,F5 € R#*5*C which are indicated by different colors in
Figure 3 and can be formulated as:
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Foli,j.¢) = 1(2i,2),¢),
Fi(,j,0)=1Qi+1,2j,c),
Fo(,j,0)=1(2i,2j+1,¢),
F3(i,j,0)=1Qi+1,2j+1,0)

M

where 0<5i < H/2, 0<Xj < W/2, 0<<¢ < C. It can be seen that the four sub-feature maps are changed to one-quarter
of the original image. Then, the four sub-feature maps are concatenated along the channel dimension to output the
feature map F,,, € R=*>*4O enriched with fine details, which can be denoted as:

Fout (l’ j’ :) = COncat [FO (l’ j9 :)9F1 (l9 j’ :)’FZ (l’ j’ :)’F3 (i’j7 )] (2)

With this operation, the focus module reorganizes the spatial information of the original image into the channel
dimension. This processing converts the lost spatial information into channel information while achieving the same
downsampling effect as the convolution with a stride of 2, which allows subsequent convolutional layers to process
this local detail information in a larger receptive field, thereby enhancing the ability of the network to perceive small,
local breakage. Compared with directly using stride-2 convolution, the focus module is computationally more
efficient and better preserves edge and detail information, which is crucial for detecting road damage.

Figure 3. The structure of focus module. It partitions the input into four sub-feature maps, which are then
concatenated along the channel dimension.

3.3. Coordinate Attention Mechanism

The coordinate attention mechanism can dynamically adjust the weight size of different positions in the multi-
scale feature map, which is another vital module of ALC-Net. Road damage is manifested as local features in the
feature map, and often presents transverse or longitudinal distribution patterns. Therefore, in order to enhance the
sensitivity of the model to spatial-channel information, make it pay more attention to the critical area and improve the
learning of directional feature patterns, coordinate attention is introduced, as illustrated in Figure 4.
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Figure 4. The structure of coordinate attention mechanism. It performs average pooling along horizontal and vertical
axes, followed by convolutional transformations and sigmoid activation to generate spatial attention weights.

Assume the input feature map is X € R/™W*C where H is height, W is width, and C is channel size. The
workflow of coordinate attention mechanism is as follows. Firstly, average pooling including X Avg Pool and Y Avg
Pool is performed along horizontal and vertical directions of the input feature to capture the long-range dependencies
in two spatial directions:

1 1
Zx =1 > XCGow.).Zy = = > X 3)

Os=w<W 0<h<H
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where Zy and Zy represent the pooling results in horizontal and vertical directions, respectively.

Then, two directional features are concatenated, and encoded via a 1 x 1 convolution, followed with the batch-
normalization and ReLU operation. The obtained feature fv associates the directional information, and can be
denoted as follows:

f: ReLU (BN (Conv,y; (Concat[Zy, Zy]))) 4)

Next, the encoded feature f is split into two independent feature maps ( f; and fy) along the spatial dimension.
After that, through the 1 x 1 convolution and sigmoid normalization operation, the channel size is restored to C and
the directional attention weights are obtained, denoted as:

Sx =0 (Convii(fx), Sy =0 (Convia(f)) ®)

Finally, the input feature X is reweighted by element-wise multiplication with the obtained directional attention
weights to realize the effective fusion of channels and spatial location information. Note that both Sy and Sy are
broadcast to match the spatial dimensions of X. The final output feature is:

Yea=X-Sx-Sy (6)

3.4. Ghost Convolution with SE Attention

To balance lightweight deployment and performance on UAVs, standard convolution layers in the network are
replaced with ghost convolution modules, which is illustrated in Figure 5. Similarly, let the input feature map be
X € R WXC The ghost convolution operation primarily consists of two steps. Firstly, a conventional convolution
with m output channels is applied to generate intrinsic feature maps Y’ € R*W>™_ Then, they are mapped s times to
obtain ghost feature maps, one of which is an identity mapping (@;,), while the remaining are typically mapped
using depthwise convolution (@; ; for j=2,---,s). This generates m X (s — 1) ghost feature maps:

Vi, =D (y:) (7

Excitation
— 1 (FCx2) —*
Squeeze
(GAP)
| Scale
(Re-weight)

Ghost convolution SE attention

Figure 5. The structure of ghost convolution with squeeze-and-excitation attention. First, numerous ghost feature

maps are generated by ghost convolution. Then, the redundant features are suppressed by the SE attention.

Finally, the intrinsic feature maps and all ghost feature maps are concatenated along the channel dimension to
form the final output feature map, as expressed in following formula:

Ysc = Concat ({y;};il’ {yi,j};':f,j=2) (3

The purpose of ghost convolution is to generate abundant feature maps that are similar to the intrinsic feature
map, which are believed to reveal the potential essential features in the image, so as to enhance the feature extraction
ability of the model. To generate features of the same dimension size, ghost convolution requires significantly less
parameters than the standard convolution, and the performance will not decrease excessively.

Although lightweighting can be achieved by the ghost convolution, feature redundancy is inevitable due to the
numerous similar feature maps being generated. In addition, there are some feature maps that are unrelated to the
feature essence, which may be a major factor leading to the decline in model performance. Based on these
considerations, a SE module is appended after each ghost convolution, as also shown in Figure 5. Specifically, the
features after ghost convolution are squeezed as a numerical value by global average pooling in each channel to
represent respective global spatial information. Next, to comprehensively capture the dependency relationships from
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the squeezed information, an excitation operation consisting of two fully connected layers is conducted, and the
attention weights of each channel is obtained. Finally, the scale operation is utilized to reweight the input feature map
according to the extracted attention weights, which enhances the model to focus on the essential features by
emphasizing informative channels and suppressing less relevant or redundant ones, thereby mitigating the potential
performance drawbacks caused by ghost convolution. The overall process of SE module is formulated as follows:

S = o (W>-ReLU (W, - GAP(Y;¢))) )

f/ = YGC . S (10)
where GAP(-) represents globally average pooling, W, and W, are the weights of linear layers, S is the result after
squeeze and excitation operation, while ¥ is the reweighted output.

4. Experiments

In this section, the experimental results and analysis of the proposed ALC-Net on the benchmark datasets are
presented. To begin with, the experimental settings are briefly described.

4.1. Experimental Settings

To ensure the fairness of the experiments, all of them are conducted on a personal computer with the following
specifications: Windows 11 OS, NVIDIA GeForce RTX 4070 Ti SUPER GPU. The models are implemented in
Python 3.11 programming language using PyTorch framework.

The primary benchmark dataset, UAV-PDD2023 [46], contains 2,440 high-resolution UAV-captured road
damage images annotated with six damage classes: longitudinal cracks, transverse cracks, oblique cracks, alligator
cracks, patching, and potholes. The dataset is then split into training, validation, and testing sets at an 8:1:1 ratio, as
shown in Table 1. Additionally, to further evaluate the generalization performance, the RDD2022 dataset [47], which
contains longitudinal cracks, transverse cracks, alligator cracks, and potholes, is also introduced. It is worth noting that
only the subsets China drone, China motorbike, and United States in the RDD2022 are selected to conduct
experiments. Among them, the images in China drone are UAV-captured, while the others are from the smartphones
or vehicle-mounted cameras, ensuring the diversity of the data source. Similarly, three subsets are partitioned in an
8:1:1 ratio, as presented in Table 1.

Table 1 The distribution of datasets used in this paper

Dataset Training set Validation set Testing set
UAV-PDD2023 [46] 1952 244 244
China drone [47] 1535 192 192
China motorbike [47] 1547 193 194
United States [47] 3844 480 481

Considering the constraints of computing resources and experimental fairness, training parameters are set
uniformly, where epochs are 300, batch-size is 8, initial learning rate is 0.01 (decaying to 1% of the initial rate in
final), and Adam optimizer is chosen. Before training, a series of preprocessing are conducted. Firstly, the images in
UAV-PDD2023 and RDD2022 are resized to 1024 x 1024 and 320 x 320 to balance resolution and efficiency,
respectively. Next, pixel values are normalized to accelerate convergence. Finally, data augmentation operations such
as flipping, rotation, and scaling are adopted to mitigate overfitting. In order to quantitatively evaluate the model
performance, the following metrics are adopted, including Precision, Recall, mAPs,, mAPsy_os. Specifically,
Precision represents the correct proportion of the targets being predicted as positive, while Recall represents the
proportion of the positive targets being correctly predicted, mAPs, indicates the mAP (mean average precision) over
IoU (Intersection over Union) at 0.5, and mAPsy_¢s indicates mAP over IoU from 0.5 to 0.95 with an interval of
0.05. Meanwhile, the number of parameters (Params), frames per second (¥ PS ) and giga floating-point operations
per second (GFLOPs) are also adopted to assess the model complexity.

4.2. Comparison with SOTA Methods

To thoroughly evaluate the performance of the proposed ALC-Net, comparative experiments are conducted on
the UAV-PDD2023 dataset against several state-of-the-art (SOTA) object detection methods. The selected
counterparts include representative two-stage detectors such as Faster R-CNN [14] and Cascade R-CNN [16], as well
as prominent one-stage detectors like RetinaNet [19] and various lightweight variants from the YOLO series
(YOLOvV5n, YOLOv6n [17], YOLOv8n, YOLOvVIOn [18], and YOLOvlIn). The overall quantitative results
comparing these models are presented in Table 2, with the optimal values for each metric highlighted in bold.
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Table2 Comparison results with SOTA models on UAV-PDD2023 dataset

Model Precision(%) Recall(%) mAPsy (%) mAPs - 95 (%)
RetinaNet 46.4 48.4 56.5 33.0
Cascade R-CNN 68.2 64.8 63.7 41.6
Faster R-CNN 59.6 64.6 64.9 413
YOLOvVS 67.5 53.7 57.8 293
YOLOv6 59.8 49.6 48.2 223
YOLOvVS 69.2 60.7 66.9 38.1
YOLOv10 67.5 60.2 64.8 37.8
YOLOvI11 72.7 62.0 67.4 36.9
ALC-Net 76.0 70.1 75.0 42.1

As demonstrated in Table 2, the proposed ALC-Net achieves superior performance across all evaluated metrics
on the challenging UAV-PDD2023 dataset. Specifically, ALC-Net obtains a Precision of 0.760, a Recall of 0.701,
a mAPsy of 0.750, and a mAPsy_g5 of 0.421. These results indicate that the ALC-Net not only accurately identifies
road damage but also successfully detects a large proportion of the actual damage instances. The high mAPs, value
reflects strong overall detection performance, while the mAPsy o5 value further assesses the model ability to
accurately localize damage with tight bounding boxes across varying strictness levels.

Comparing the performance of ALC-Net to the evaluated SOTA models, it significantly outperforms all
counterparts. Notably, when compared to the suboptimal performing method in Table 2, ALC-Net achieves a
substantial improvement: Precision is enhanced by 0.033, Recall by 0.053, mAPs, by a considerable 0.076, and
mAPsp_g5 by 0.005. These quantitative findings robustly demonstrate the effectiveness of the proposed model for
UAV-based road damage detection and underscore its superiority among numerous advanced general-purpose
detection models.

To provide an intuitive qualitative comparison of detection performance, partial visualization results from ALC-
Net and the baseline YOLOv11 are presented in Figure 6. These figures showcase challenging scenarios from the
dataset. Upon visual inspection and comparison with YOLOv11, ALC-Net demonstrates superior detection quality.
Specifically, ALC-Net is shown to generate fewer false positive detections and fewer false negative detections (see
row 1 of Figure 6). Furthermore, ALC-Net exhibits better capability in detecting subtle or fine cracks, particularly
when they appear in sophisticated scenes with complex backgrounds or challenging illumination conditions, which
are often missed by the baseline (see row 2 in Figure 6). The visualizations also indicate that ALC-Net provides
higher confidence scores and more accurate bounding boxes for identified crack categories, reflecting improved
discriminative power for these critical damage types (see row 3 in Figure 6). The clear visual improvements observed
in these examples align well with the quantitative metric results presented in Table 2, collectively providing strong
evidence that verifies the superior detection performance of the proposed ALC-Net for UAV-based road damage

detection.

WII I

Ground truth ALC-Net Baseline Ground truth ALC-Net Baseline

Figure 6. Qualitative comparison of detection results between the proposed ALC-Net and the baseline model on
challenging images from the UAV-PDD2023 dataset.

4.3. Ablation Studies

To further validate the effectiveness of each module adopted in the model and analyze their contributions,
ablation studies are performed on the UAV-PDD2023 dataset. In the experiments, the focus module, coordinate
attention (CA), ghost convolution and SE attention are successive added to the baseline YOLOv11 for evaluation,
and the results are shown in Figure 7. On the whole, the optimal performance is still achieved by the ALC-Net, which
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indicates the positive combination effect of each module that can collaboratively enhance the detection capacity.
Comparing the results in detail, it can be seen that each module has made significant contributions. Firstly, the
introduction of focus module on the baseline improves most metrics because the downsampling operation makes the
fine-grained features prominent, which is convenient for the extraction and understanding by the model. Then, the
coordinate attention mechanism is added, and mAPs, and mAPs,_os metrics both increase, indicating the promotion
of its directional feature mining and fusion ability to the detection of road cracks, especially for transverse and
longitudinal cracks detection. But the slight decline in Precision, Recall also signifies the relatively weak effect of
coordinate attention to detect other damage categories, which can be further researched in future.

Baseline Baseline+focus
[ Baseline+focus+CA Il Baseline+focus+CA+ghost
Il Baseline+focus+CA+Ghost+SE
Precision/% Recall/%
727 712 75.4 76.0 68.7 67.8

68.7 62.0

mAP/%

41.7 407 42.1

39.0
36.9

Figure 7. Results of ablation studies on UAV-PDD2023 dataset.

Subsequently, the ghost convolution is selected to replace the standard convolution module. Experiment results
show that model performance reduces slightly and Params reduces by 12% (see Table 4) simultaneously, which is
consistent with the characteristics of this module. The outcomes of sacrificing tiny accuracy for model lightweighting
are acceptable and as expected. Finally, the SE attention mechanism is added after ghost convolution, and each metric
is remarkably improved. It demonstrates that the SE module is adaptive to the task of road damage detection, and also
makes up for the shortcomings of the ghost convolution by adjusting the weight distribution of ghost feature maps
and reduce the influence of the irrelevant feature maps.

4.4. Generalization Analysis

To validate the generalization capability of the proposed ALC-Net across diverse scenarios and data sources,
three subsets from the RDD2022 dataset are selected for experimentation. The RDD2022 dataset provides images
collected from various regions and under different conditions, offering a valuable testbed for generalization. The final
results on these subsets are shown in Table 3.

Table3 Comparison results with baseline on four datasets

Dataset Model Precision(%) Recall(%) mAPsy (%) mAPso_9s5(%)
YOLOvI1 727 62.0 67.4 36.9
UAV-PDD2023 ALC-Net 76.0 70.1 75.0 42.1
China drone YOLOV11 662 442 493 25.8
ALC-Net 67.9 474 517 27.2
. . YOLOv11 78.5 70.9 75.5 417
China motorbike ALC-Net 83.6 722 79.1 474
. YOLOv11 65.0 35.9 34.7 16.8
United States ALC-Net 62.3 37.2 35.6 173

As presented in the table, the proposed ALC-Net exhibits robust performance on these diverse RDD2022
subsets. Notably, all evaluation metrics of ALC-Net show varying degrees of improvement compared to the baseline.
This consistent performance across different data sources directly underscores the excellent generalization ability and
adaptability of ALC-Net to diverse damage situations and imaging environments. This robustness reflects its
practicability for deployment in varied real-world road inspection scenarios using UAVs.

Nevertheless, it is important to note that performance is relatively unsatisfactory on the China drone and United
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States subset. This is likely due to the presence of complex background conditions, including significant illumination
variations, shadows, and occlusion, which pose inherent challenges for detection models in uncontrolled
environments. The results highlight that while ALC-Net generalizes well, challenging environmental factors remain
an area for further investigation in future work to improve robustness in highly complex scenarios.

4.5. Cost Analysis

Beyond detection accuracy, the lightweight nature of the model is crucial for practical deployment on UAVs,
which have limited computational resources. Therefore, a cost analysis is conducted to compare the efficiency of
different models in terms of Params, FPS , and GFLOPs on the UAV-PDD2023 dataset. The results are shown in
Table 4.

Table4 Cost comparison with SOTA methods on UAV-PDD2023 dataset

Model Params(M) FPS GFLOPs
RetinaNet 38.0 41.9 183.0
Cascade R-CNN 69.4 12.4 190.0
Faster R-CNN 41.4 254 178.0
YOLOv5 42 217.4 7.1
YOLOv6 2.5 163.9 11.8
YOLOv8 3.0 188.7 8.1
YOLOv10 2.7 222.2 8.2
YOLOv11 2.6 232.6 6.3
ALC-Net 2.3 153.5 5.8

From the results, ALC-Net achieves the optimal (lowest) values for both Params and GF LOPs, while ranking
at an average level for FPS among the compared models. The minimal Params count demonstrates a key
advantage for effortless deployment on UAV platforms with limited memory. Similarly, the low GFLOPs value
signifies reduced computational cost and energy consumption per inference, which is vital for real-time processing on
battery-powered UAVs.

A notable observation from Table 4 is the reduction in FPS for ALC-Net compared to the baseline. This result
is primarily attributed to the introduction of the coordinate attention mechanism. Although this module is instrumental
in enhancing detection accuracy by capturing long-range dependencies and directional features critical for identifying
cracks, it introduces additional computational steps, including two spatial average pooling operations and subsequent
convolutions. This deliberate design prioritizes a significant gain in accuracy over maintaining the absolute highest
inference speed, striking a balance that remains highly practical for real-world UAV deployment.

While the average F'PS indicates room for improvement in inference speed, the superiority in Params and
GFLOPs highlights the lightweight efficiency of ALC-Net. For UAV deployment, minimizing model size and
computational load (Params and GFLOPs) are often more critical than achieving the absolute highest FPS, as it
directly impacts deployability and energy efficiency. In summary, ALC-Net stands at the forefront among the tested
models in terms of lightweight design, achieving a strong balance between detection performance and resource
efficiency, thus confirming its practicality for UAV-based road damage inspection.

4.6. Heatmap Visualization Analysis

To provide qualitative insight into the ability of ALC-Net to spatially focus on relevant regions for road damage
detection, attention heatmaps generated by the model are visualized. These heatmaps overlaid on the original images
are presented in Figure 8, illustrating the areas where the network exhibits high activation. And the labels are also
visualized for comparison analysis.

i |
Heat map Ground truth Heat map Ground truth

Figure 8. Heatmap visualization of the ALC-Net.

Upon examining the heatmaps, a strong and consistent correspondence between high activation areas and the
visually apparent road damage features is clearly observed. High heatmap values, typically indicated by warmer
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colors, are precisely concentrated on the specific structures representing road damage. These activation patterns are
shown to accurately trace the shapes and boundaries of the damage, indicating that the network attention is effectively
directed towards the discriminative visual cues associated with road defects. Crucially, low activation is consistently
observed in areas of the image that do not contain road damage, including intact road surfaces, surrounding
vegetation, and irrelevant objects. This demonstrates that the spatial attention of network is effectively learned to be
away from background clutter and non-damage features.

This precise spatial focusing ability, as visually confirmed by the heatmaps, is a key factor contributing to
robust detection performance of ALC-Net. The capacity of the model to accurately localize the damage features by
concentrating its attention on the most informative pixels directly facilitates accurate bounding box prediction and
reduces potential false positives arising from misleading background elements. The results once again demonstrate
that the architectural design of ALC-Net enables enhanced spatial awareness and feature learning capabilities, which
are critical for accurate and reliable road damage detection in complex UAV imagery.

5. Conclusion

In this paper, an innovative ALC-Net has been proposed for road damage detection in UAV imagery. The
model has integrated multiple strategies to enhance overall performance: the focus module and coordinate attention
mechanism collectively improve feature representation by emphasizing image details and directional damage
characteristics. By cascading ghost convolution with SE attention, the model has achieved an optimal balance
between accuracy and computational efficiency, effectively mitigating performance degradation caused by
lightweight design.

Extensive evaluations on the UAV-PDD 2023 dataset have demonstrated the superiority of ALC-Net,
outperforming eight state-of-the-art models across all metrics. Ablation studies have validated the efficacy of
individual modules, while tests on additional benchmark datasets (RDD2022 subsets) have confirmed robust
generalization of the model to diverse scenarios and data sources. In future, works can focus on further improving
detection accuracy through enhancing multi-scale feature fusion. Additionally, deploying ALC-Net on UAV
hardware for real-world road inspection represents a promising direction for practical implementation.
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