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ABSTRACT Road damage detection and assessment are crucial components of infrastructure maintenance.
However, detecting multiple crack types in a single image remains a challenging limitation, particularly at
varying scales. This is due to the lack of road datasets with various types of damage on varying scales. To
address this challenge, we introduce: 1) A novel dataset called the Diverse Road Damage Dataset (DRDD)
that captures multiple damage types per individual image. 2) A new detection model called RDD4D that
exploits Attention4D blocks to enable better feature refinement across multiple scales. The Attention4D
module processes feature maps through an attention mechanism combining positional encoding and talking
head components to extract both local and global contextual features. In our comprehensive experimental
analysis comparing various state-of-the-art models, our enhanced model demonstrates superior performance
in detecting large-sized road cracks with an Average Precision (AP) of 0.458 and maintained competitive
performance with an overall mAP of 0.446 on our proposed dataset. Moreover, we also provide results on the
CrackTinyNet dataset; our model achieved around a 0.21 increase in performance. The code, model weights,
dataset, and our results are publicly available at https://github.com/msaqib17/Road_Damage_Detection

INDEX TERMS Damage categorization, damage classification and recognition, damage detection, dataset
construction, road inspection, surface inspection, type localization, UAV dataset construction.

I. INTRODUCTION
Roads and other public facilities are key contributors to a
country’s economy, particularly in urbanized cities. During
periods of rapid economic growth in any country, the focus
is on building roads and bridges. However, many of these
infrastructures have aged due to multiple factors, including
rain, weather, vehicles, and aging, causing various forms of
road damage [1].

Road damage has a serious impact on driver safety,
vehicle performance and value, as well as transportation
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efficiency. Moreover, the number of roads inspected in
the next few decades is expected to increase drastically;
hence, each country requires considerable budgets for repair,
restoration, rehabilitation, and maintenance [2]. According
to the U.S. Federal Highway Administration, the U.S.
road network was 4.17 million miles in 2020, an increase
from 3.87 million miles in 1990 [3]. The U.S government
spends over $30 billion annually on road construction and
maintenance [4]. In Europe, the annual number of road traffic
injuries exceeds 50 million [5]. Similarly, a report by the
U.S. Automobile Association estimates that road damage
imposes an annual cost of approximately $3 billion on U.S.
drivers [4].
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Conventionally, expert engineers identify the affected
infrastructure using manual visual assessment, which
relies on their knowledge, experience, and background.
This manual inspection is now complemented by a variety
of sensors, including 3D sensors, multiple cameras, laser
scanners, and road profilers. These sensors are used to capture
different longitudinal and transversal views of road assets
and pavements. However, manual assessment remains labor-
intensive, costly, time-consuming, and prone to human errors.
Therefore, there is a need for efficient and reliable approaches
for effective monitoring of the road surface.

Many researchers tackle the issue of manual inspection
by employing automatic road inspection techniques. They
aim to study the road conditions using one of three main
types: 1) laser scanning [6] methods, which provide accurate
information about the condition of the road but are expensive
and require a road closure, 2) vibration-based [7] methods
are restricted to the touched road elements, and 3) vision-
based [8], [9], [10] techniques are cost-effective but may
lack accuracy. However, the rapid developments in vision-
based approaches resulted in exceptional performance in
diverse applications such as road sign detection [11], traffic
analysis [12], crowd counting [13], and object detection [14].
Specialized inspection vehicles with different sensors,

including laser scanners, road profilers, multiple cameras,
and 3D sensors, are employed to inspect roads by capturing
images of road assets, pavement images, and longitudinal and
transverse image profiles [15]. Although these specialized
vehicles are more efficient than the traditional manual
human visual surveying approach, they can cost millions
of dollars, depending on the sensors acquired to build the
mounted system on the vehicle [16]. In contrast, consumer
devices such as smartphones offer a cost-effective alternative
with high-resolution cameras, robust sensors, and powerful
processors. Therefore, vision-based techniques are evolving
rapidly and becoming more widespread. We also anticipate
that smartphones will play a critical role in reducing the cost
of road inspection.

Recently, researchers have attempted to utilize vision-
based techniques to inspect road surfaces by exploiting
convolutional neural networks and deep learning methods.
For this purpose, the research direction focuses either on
detecting damage on the road surface irrespective of its type
or classifying road damage type into a specific class [8].
Pioneering research focused on detecting directional cracks,
i.e., horizontal and vertical [10], followed by detecting three
road damage categories, i.e., horizontal, vertical, and alligator
detection [17]. Likewise, the comprehensive classification of
damage types on the road is provided by [9], as distinguishing
damage types is crucial for accurate route planning.

However, current vision-based inspection approaches lack
common ground and suffer from various shortcomings, such
as 1) the results being compared on non-standard datasets,
where each algorithm uses its own road damage dataset.
We aim to create a standard dataset, drawing inspiration

from other research areas that have established standard
benchmark datasets, such as DnD for denoising, ImageNet
for object classification, and PartNet for point clouds. 2) The
datasets usually have restricted views where the methods are
evaluated. 3) The algorithms do not put much effort into the
network design for road damage detection or employ state-
of-the-art, off-the-shelf models from other vision research
fields. A specialized network model is needed to cater to
the needs of road damage detection. 4) Finally, road damage
can be categorized into many types (e.g., eight damage types
in Japan); however, the current research only considers a
handful of them; hence, their direct application to practical
scenarios is challenging.

Our Contributions: The contributions of this study are as
follows.

• A novel Diverse Road Damage Dataset (DRDD) of
1500 smartphone images containing multiple damage
types per frame, released for public use.

• A4DAttentionmechanism for road damage detection is
introduced to improve feature refinement across scales.
This enhancement enables the network to process both
local details and global context simultaneously, leading
to more accurate road damage detection across different
scales.

• Extensive experimental evaluation is performed to
assess the proposed mechanism against state-of-the-
art models showing the strengths and limitations of
current road damage detection approaches and providing
comprehensive benchmarking results that show valuable
insights for future research directions.

The remainder of this paper is organized as follows.
Section II surveys the related work. Section III details
DRDD. Section IV describes the proposedmethod. Section V
presents the experimental setup. Section VI provides results
and ablations. Section VII concludes.

II. RELATED WORK
Early detection of cracks in road surfaces is essential for
road maintenance. It is a vital requirement for the safety and
efficiency of road transportation. Early detection of cracks
is challenging as it requires ongoing monitoring. Machine
learning techniques, particularly Convolutional Neural Net-
works (CNN), are widely applied for automated road crack
detection. These techniques have demonstrated considerable
potential in enhancing classification accuracy and operational
efficiency. However, a common limitation in the literature is
the reliance on datasets that contain a large number of images
but are limited in damage type heterogeneity (Table 1). This
leaves rare defect categories underrepresented. In this section,
we analyze recent studies on identifying road cracks using
machine learning techniques, highlighting their objectives,
contributions, and limitations. We also review the state-of-
the-art crack detection using machine learning and explores
potential future research directions.

VOLUME 14, 2026 40079



A. M. Alkalbani et al.: RDD4D: 4D-Attention-Guided Road Damage Detection and Classification

A. TRADITIONAL METHODS
Road damage detection is studied using traditional image
processing algorithms, whichmainly rely on background sub-
traction, thresholding, segmentation, and feature extraction.
For example, gray-scale histograms with OTSU thresh-
olds [18], gray-level co-occurrence matrix [19], modified
median filter and morphological filter [20], support vector
machine algorithms [21], a library of machine learning mod-
els [22], and edge detectors [23] are used to detect pavement
cracks and different types of road damages. However, these
algorithms have limitations, such as sensitivity to lighting
and background changes, reliance on handcrafted features,
sensitivity to noise, complex backgrounds, and the inability
to generalize to various roads and their types, which reduces
road damage detection accuracy.

B. DEEP LEARNING METHODS
Recent research [24], [25] has utilized deep convolutional
neural networks for automated road assessments and damage
identification. A supervised deep CNN is trained to classify
smartphone images of pavement, aiming to detect the pres-
ence of damage [10]. Similarly, the VGG-based network [26]
detects cracks on concrete surfaces. Additionally, Crack-
pot [27] utilizes a camera-based GPU board to detect road
cracks and potholes, enabling smooth journeys for self-
driving vehicles and robots. A simple CNN is trained in [28]
to recognize pavement conditions, demonstrating its ability
to manage various pavement characteristics effectively. The
deep neural networks outperform the edge-detection methods
in identifying pavement damage [29].
A semi-supervised deep learning-based method using

attention guidance is used in [30] to analyze cracks and
spalls, where a human verifies the detected boundary box.
The computational cost of the segmentation is significantly
reduced due to the application of pixel-level segmentation.
A segmentation-based analysis for cracks and potholes is
performed by creating datasets composed of 2D, 3D, and
enhanced 3D images in [31] in which stereo vision is
integrated with deep learning. A modified U-Net based on
depth-wise separable convolution is used to measure the vol-
ume of road potholes by performing 3D image segmentation,
thereby accelerating the segmentation process. Similarly, the
Asphalt method [32] is implemented to collect data from a
vehicle’s accelerometer sensors, recording vehicle vibrations
and assessing road conditions using machine learning.

C. SMARTPHONE-BASED METHODS
Handheld devices, including smartphones, have recently
become common for road inspection due to their increas-
ing capabilities, such as sensors, high-resolution multiple
cameras, large storage memory, and fast processors. More-
over, handheld devices are efficient and cost-effective for
inspecting large road networks. For example, SmartPatrolling
is proposed to collect data using a smartphone’s built-
in sensors with dynamic time warping for road surface

conditions, which performs more efficiently than traditional
algorithms [33]. Road damage is detected using an onboard
smartphone mounted on various vehicles, e.g., cars, buses,
and trucks, and connected to a laptop for processing [34].
Smartphones are also used to visualize potholes on a map
in [35]. A real-time smartphone application is developed
in [9] for detecting and recording roadway cracks.

D. DATASETS FOR ROAD DAMAGE DETECTION
RDD-2018 [9] is a publicly available dataset collected
through a smartphone application. Several municipalities
are using this application to monitor road conditions faster.
Consequently, researchers worldwide have shown interest in
the data, methods, and models. Following [9], researchers
have either added more images to the dataset or used
the software to collect a novel dataset. For example, the
authors of [36] expanded the dataset by incorporating images
captured in Italy and Mexico, increasing the number to above
18k. Similarly, Roberts et al. [37] incorporated 7k images of
road damage from Italy, utilizing the software from [9]. The
model is trained on the new dataset, considering the identified
road damage severity. The authors in [38] use an industrial
high-resolution camera to create a dataset exceeding 45k road
photos and utilize YOLO to detect and classify pavement
damages.

On the contrary, Google Street View pictures of pavement,
which are easily and freely accessible, are used by [39],
which include top and wide angles, characterizing and
calculating the density. The study demonstrates that the
Faster R-CNN lags behind the YOLO-v2 model. Moreover,
Potspot [40] employs limited Google API images for
CNN-based detection of potholes. Despite the accessibility
and cost-free nature of Google Street View photographs,
annotating them remains demanding, laborious, and time-
intensive. Recently, RDD [1] has been proposed for detecting
and classifying road damage with many images. However,
most photos only feature single damage, and the damages
themselves are not particularly complex. On the other hand,
the damages in our collected dataset are more complicated
and typically occur in multiple instances within one image.
Table 1 shows more information on the datasets.

The studies reviewed demonstrated that machine learning
techniques, particularly deep CNNs, accurately detect road
cracks. However, the evaluations were limited to small
datasets, and therewas a limited evaluation of real-world data,
which is crucial for practical applications. Additionally, some
studies lacked detailed explanations of the proposed CNNs,
making it challenging to reproduce the results.

III. DATASETS
Wehave collected and annotated one of themost complex and
diverse road damage datasets. Our dataset, called the Diverse
Road Damage Dataset (DRDD), contains 1500 images of five
damage types captured with GoPro cameras under various
weather conditions and during daytime. The resolution of
images in our dataset is 1920×1440 pixels. We have verified
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with researchers and municipal planners that additional
views would be convenient in the initial phase. The dataset
contains five distinct classes with a real-world long-tailed
class imbalance and unique class distribution, as shown in
Figure 5. Moreover, the data annotation project involved
12 professionals with diverse backgrounds and required sub-
stantial person-hours. Furthermore, we conducted multiple
rounds of quality assessment for each batch of data.

A. DATASET CHARACTERISTICS
1) DIVERSE CONDITIONS
DRDD is collected for diverse scenes and weather conditions.
The images feature rich backgrounds, including trees, build-
ings, and other vehicles. Unlike current datasets, our DRDD
contains images with more diverse object distributions
across scenes. Lighting conditions also vary with the day,
influencing pixel colors in the images. Similarly, the images
are taken under clear and overcast conditions to capture
variation. Weather conditions affect the type of damage and
the background, making it challenging for many algorithms
to distinguish weather-induced structures from the actual
damage type. To further enhance generalization, we will
extend DRDD across various urban, suburban, and rural
regions in Oman. The extension also aims to encompass
a range of pavement materials and to collect data across
different seasons to capture diverse climatic effects, including
rainfall patterns and thermal cycles. Additionally, we will
pilot multimodal extensions using synchronized RGB, depth,
and thermal cameras to address illumination and shadow
artifacts.

2) DAMAGE DENSITIES
Our dataset contains various density scenarios, divided into
three levels: fewer than two, two to three, and more than
three types of defects. High densities are among the most
crucial characteristics of our dataset. Table 1 compares
related datasets widely used for damage detection in large-
scale outdoor scenes. Our dataset has three notable evaluation
parameters: i) the number of damage types per image, our
dataset has the damages on average, which is more than
the existing datasets, ii) the defect types distribution in the
scene showing the ratio of road damage, where the statistics
show ours exceeds others in density, and iii) the degree of
damages by computing the mean number of damages in
meters centered around each damage type.

3) OCCLUSIONS
DRDD is collected during regular traffic hours to ensure it
reflects the actual scenes. However, the one downside is that
the dataset’s images have occlusions. Figure 1(b) shows an
example of a scenario where the damage type is partially
occluded, making the detection challenging due to limited
visible features. According to occlusion situations, the
datasets can test the techniques’ performance in challenging
cases.

4) INSTANCE-LEVEL DIVERSITIES
We show the diverse instance-level densities in Fig. 1(e). The
inter-class difference between the damage types is significant.
Due to the variation in shape and scale details, long-distance
instances are difficult to learn, as damage types differ in size,
structure, and appearance, making our datasets challenging
for most existing algorithms.

5) DIVERSE DAMAGES TYPES
The road damage does not follow a specific pattern; hence,
a single scene may contain more than one type of damage.
This is also reflected in our datasets, where more than one
damage type is present. Such images are shown in Fig. 1(c).

B. DATASET CHALLENGES
We have accomplished a scale much more extensive than any
earlier datasets; the scale is essential for generalization, the
ultimate goal of any dataset. However, employing the data
across cities and countries raises several challenges, such as
noise sources and ambiguities. We manage several known
noise sources and ambiguities in our datasets, illustrated in
Fig. 1.

1) LABELING NOISE
The accuracy of the labels is heavily dependent on the labeler,
an expert and a domain specialist; then, it is quite probable
that the label will be accurately compared to someone who is
a volunteer and learning the process. Moreover, there are no
agreed-upon definitions for damage types.

2) IMAGE QUALITY
The quality and resolution of the images acquired through
various cameras and hand-held devices vary significantly.
Occasionally, vehicles occlude the damage of the road
from view, which we protect against by removing images
manually, but the possibility of partial occlusion always
exists. Furthermore, we also capture multiple views in our
datasets to mitigate the occlusion issues.

3) UNLABELED ARTIFACTS
Some artifacts are not a damage type to the road but have
some temporary or superficial marks, such as drag marks of
the tires during braking, peeling of paint on the road, parts of
unwanted items like a branch, trash, etc. These may appear
similar to road damage types; nevertheless, the damage of
interest is often the most prominent, and the presence of
others can create confusion in detection and localization,
which can misguide algorithms.

4) PATCHING NOISE
Road damages are usually fixed using manual techniques,
but these repairs peel off quickly due to temporary materials.
Such patching typically hides the structure of the actual
damage, creating confusion for the labeler and leading to a
discrepancy in the accuracy.
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TABLE 1. Summary of road image datasets and research works.

FIGURE 1. Major challenges in road damage detection: Representative examples showing various challenges: (a) weather conditions
affecting damage visibility and appearance, (b) occlusions from vehicles partially hiding damage areas, (c) diverse damage patterns
requiring robust detection capabilities, (d) motion blur from vehicle movement impacting image quality, and (e) instance-level variations
in damage characteristics and (d) shadow effect adding complexity to detection.

5) UNWANTED SHADOWS
Shadows can obscure damage features, create false edges
that may be misclassified as cracks, and reduce contrast in
affected regions. This complicates the detection process as
they vary throughout the day based on sun position, which are
affected by surrounding infrastructure, including buildings,
trees, and overpasses. They create dynamic challenges for
consistent detection, especially if the sun is behind the vehicle
taking pictures, the vehicle shadow may obscure part of the
image, and it is possible that some sections of the damage type
as presented in Fig. 1(d). Hence, it becomes challenging for
the algorithms as some regions of the damage are concealed
by shadow while others are under direct sunlight, causing a
difference in pixels’ color.

C. EVALUATION PROTOCOL
We have established an evaluation protocol to train/test our
dataset’s splits, which are expressed as follows.

1) PER-DATASET SPLITS
Per the traditional protocol, we are interested in how well an
algorithm generalizes when the train and test splits belong
to the same dataset. The training and testing sets are disjoint;
here, the training is performed on a defined number of images
and tested on another set of images from the same dataset to
avoid overfitting a specific category.

D. ANNOTATIONS
Wemanually labeled high-quality ground truth for the images
of both our datasets. We annotated the road damage type
using a 2D bounding box (x, y, w, h), where x, y denote the
center coordinates and w, h is the width and height along the
x-axis and y-axis, respectively. A file with the same ID as
the image is provided for each damage type.

E. TYPES OF ROAD CRACKS
The damage types can be categorized into Alligator Cracks,
Block Cracks, Longitudinal Cracks, Pothole Cracks, and
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Transverse Cracks. These are the most prominent ones and
are usually found on most roads across the globe. Figure 1
shows these mentioned cracks.

1) POTHOLES
Potholes are holes caused by weather conditions, heavy
traffic, and surface quality degradation. Initially small, these
potholes can rapidly expand due to ongoing vehicle traffic
that erodes the asphalt further and water from rain or floods
that washes away additional material. Proper maintenance
and repair of road cracks can help prolong a road’s life and
improve drivers’ safety. Repair methods can include sealing
the cracks, patching the affected areas, and repaving the entire
road surface in specific extreme cases.

2) LONGITUDINAL CRACKS
Expansion and contraction of the ground, poor drainage, and
the settling of the subgrade cause longitudinal cracks. These
cracks run along the length of the road and can be found
on both the road’s shoulder and the center line of the road.
The longitudinal cracks can also be formed by asphalt surface
contraction as well as its exposure to the sun light and heat.

3) TRANSVERSE CRACKS
Cracks on asphalt surface that run across the road. They
typically caused by temperature fluctuation and heavy traffic.
These cracks are often found on the wheel path.

4) ALLIGATOR OR FATIGUE CRACKS
These are a series of interconnected cracks that resemble the
skin of an alligator. They are caused by a failure of the asphalt
surface and heavy traffic loads. They occur when the asphalt
surface can no longer support the weight of the traffic and
begins to fatigue and deform. These cracks are also known
as ‘‘fatigue cracking’’ and can be found on both the shoulder
and the wheel path.

5) BLOCK CRACKS
Large, rectangular cracks break the surface into chunks or
blocks. It forms when the asphalt surface is too thick and the
top layer contracts at a different rate than the bottom, causing
the surface to crack.

IV. METHODOLOGY
Due to its superior performance on the COCO dataset and
its compatibility with edge computing devices, we selected
the Real-TimeModel Detection (RTMDet) lightweight object
detection model as our baseline. The model has achieved
outstanding performance in one-stage real-time object detec-
tion and instance segmentation tasks. As illustrated in
Fig. 3(a), the RTMDet architecture consists of three main
parts: the backbone, neck, and head. Recent studies typically
adopted CSPDarkNet [52] as a backbone architecture in
RTMDet; however, we employed CSPNeXt, an architecture
that combines the ResNeXt Network and the Cross Stage
Partial Network (CSP), as our backbone network [53] as

the architecture utilizes large-kernel, depth-wise separable
convolutions in the base modules. Our choice is based on the
observation that the model quickly learns the global context
by making the network deeper and wider.

The backbone model is available in two options. The first
choice is the smaller architecture, denoted as P5, while the
second version, P6, is the larger variant. We have opted for
the former version, which produces five feature map scales,
denoted as C1, C2, C3, C4, and C5, after downsampling by
factors of 2k , where k ∈ {1, 2, · · · , 5}. The Neck module
performs feature fusion using the final three feature map
scales of C3 (i.e., 8, 256, 80, 80), C4 (i.e., 8, 512, 40,
40), and C5 (i.e., 8, 1024, 20, 20). Moreover, the neck
module further incorporates a multiscale feature pyramid
network (CSPNeXtPAFPN) using the three feature maps
from the backbone with both top-down and bottom-up feature
propagation [54], [55] for enhancing the features before
passing them into the head for detection and classification.

Although the CSPNeXtPAFPN architecture’s top-down
and bottom-up pathways are effective, theymay only partially
exploit the potential relations between features at different
scales. This may potentially lead to a loss of fine-grained
details. The neck part of RTMDet is responsible for fusing
and refining multiscale features from the backbone. Hence,
we propose and integrate Attention4D blocks. By exploiting
this, the mentioned model can capture and utilize local
and global contextual information more effectively across
different scales. Eventually, the feature map of each scale
is then employed by the detection head to anticipate object-
bounding boxes and their categories. This architecture works
well for general and rotated objects and segmentation if
extended by adding kernel and mask feature generation
heads [56].

A. Attention4D MODULE
The core innovation in our model is the Attention4D block,
depicted in Fig. 3(b). This block processes input feature maps
through a series of operations. A 1×1 convolution is followed
by batch normalization to adjust the channel dimension. The
output is split into three branches: Value (V), Transposed Key
KT , and Query (Q). The Key and Query branches undergo
element-wise multiplication. The result combines positional
encoding (PosE) and a ‘‘Talking Head’’ input. A softmax
operation normalizes the attention weights. The softmax
output is multiplied element-wise by the value branch and
another ‘‘Talking Head’’ input. Finally, the result passes
through another 1 × 1 convolution and batch normalization.
This Attention4D block allows the network to capture local
and global contextual information, potentially improving the
model’s understanding of complex scenes. The Attention4D
blocks are strategically integrated at crucial points in both
top-down paths of the neck architecture.

In the top-down path, an Attention4D block processes
the input from the highest-level feature map before further
refinement. We apply a second Attention4D block after the
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FIGURE 2. Qualitative comparison of road damage detection using different object detection techniques. The columns present (from left to
right) ground-truth annotations, our proposed approach, RTMDet, and YOLOv8, applied to four representative test images. Each row shows
the same input image processed by these techniques, enabling direct comparison of detection accuracy and precision. The results
demonstrate that our proposed methodology achieves more accurate detection and classification of road damage categories compared to
the baseline RTMDet and other common approaches.

first top-down CSPLayer. The bottom-up path feeds the
output of the Attention4D block from the top-down path
into a downsample operation before it reaches the bottom-
up CSPLayers. This integration allows the network to refine
features using our attention mechanism at multiple scales,
potentially capturing fine-grained details and high-level
semantic information. Moreover, we conducted a techni-
cal comparison between our Attention4D mechanism and
two recent attention frameworks: Bilateral Feature Fusion
with Hexagonal Attention [] and Lightweight Transformer-
driven Trapezoidal Attention (LT-MSTAN). While BFF-HA
integrates five specialized attention modules (Edge Atten-
tion, Non-Local Attention, Quad-Feature Spatial Attention,
Multi-Head Self-Attention, and Weighted Channel Atten-
tion) in a hexagonal arrangement for saliency detection
under visual uncertainties, and LT-MSTAN uses a hier-
archical trapezoidal structure with scale-specific attention
for lightweight processing, our Attention4D module is
uniquely optimized for road damage detection. Unlike these
approaches that target general saliency or computational
efficiency, Attention4D integrates positional encoding with
‘Talking Heads’ attention, enabling inter-head communi-
cation that captures relationships between different crack
scales. Moreover, our design philosophy aligns with recent
efficient attention mechanisms for resource-constrained
devices.

B. LOSS FUNCTION
A crucial step in training one-stage object detectors is
matching dense predictions across various scales with
the ground truth bounding boxes. This process, known
as label assignment, has evolved by developing several
strategies [57], [58], [59]. While recent approaches have
focused on dynamicmethodologies for label assignment [60],
[61], [62], we have adopted the dynamic soft label assignment
strategy [63], which uses cost functions aligned with the
training loss as the matching criteria to assign labels
to the predicted bounding boxes more accurately. This
dynamic soft label assignment strategy is based on the
SOTA framework [62]. The cost function is defined as
follows:

ℓ = λ1 · δ + λ2 · θ + λ3 · ρ, (1)

where λ1 = 1, λ2 = 3, and λ3 = 1 are the default
weighting factors. Furthermore, δ, θ , ρ, and ℓ represent
the classification, location, center proximity, and overall
costs. In traditional approaches, the δ often relies on binary
labels. This can lead to scenarios where predictions with
high classification scores but inaccurate bounding boxes
receive low classification costs and vice versa. A soft label
y assignment strategy is proposed instead of binary labels to
address this. We calculate the modified classification cost as

40084 VOLUME 14, 2026



A. M. Alkalbani et al.: RDD4D: 4D-Attention-Guided Road Damage Detection and Classification

FIGURE 3. Our proposed architecture: The flow of feature maps through the neck section of the object detection network.
Attention4D blocks (highlighted in bold green) are strategically applied to the feature maps from the backbone, enhancing
spatial and channel-wise information. The neck processes these enhanced features through top-down and bottom-up paths,
creating a multi-scale feature representation.

TABLE 2. Performance comparison of different methods (AP).

follows:

δ = CE(ŷ, y) · (y− ŷ)2, (2)

where CE stands for cross entropy and ŷ is the prediction. The
dynamic aspect of this approachmeans that label assignments
can change during training, allowing the model to focus
on the most informative examples. SoftLabel, inspired by
GFL [67], uses intersection-over-union (IoU) as a soft label
to provide a more detailed evaluation of prediction accuracy.
For the θ , existing methods using generalized IoU [68] often
lack sufficient differentiation between high- and low-quality
matches. The soft label approach uses a logarithmic IoU
scale θ = − log(IoU), amplifying the differences between
good and poor matches, especially for lower IoU values. This
helps the model distinguish between high- and low-quality
predictions during training.

Finally, the center proximity cost replaces rigid center-
based criteria [61], [62], [69] with the following formula:

ρ =
η

|ŷc − yc| − ϵ
, (3)

where η and ϵ are adjustable parameters, while ŷc is the
predicted center and yc is the actual center. In the overall
cost function shown in Eq. 1, the center cost encourages
predictions that are accurate in classification and bounding
box regression and are also well-centered on the object.
For example, if two predictions have similar classification
confidence and bounding box overlap, the prediction closer
to the center of the ground truth object will be favored during
training.

V. EXPERIMENTS
A. SETTINGS
1) TRAINING DETAILS
During training, we used a batch size of four in our
experiments. We set the weight decay at 0.9, suggesting a
considerable regularization impact to counteract overfitting,
although this number is more significant than usual. We set
themomentum at 5×10−4, compared to regular values, which
typically range between 0.8 and 0.99. We train the model for
300 epochs to ensure complete performance optimization.

2) DATASETS
We used commonly available GoPro cameras, which have
similar video quality to many widely available and affordable
consumer mobile phones when compared to specialized
road inspection tools. This approach makes our method
reproducible and accessible for agencies with limited
resources. These devices deliver high-resolution images (up
to 5K), wide-angle lenses ideal for photographing road
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FIGURE 4. Precision-recall curves comparing different methods for bounding box prediction across all classes in terms of all-area performance on
a) PPYOLOE, b) RTMDeT, c) YOLOV7, d) YOLOV6, e) YOLOv8, and f) Ours. The error analysis methods include C75 (gray), C50 (light gray), Loc (blue),
Sim (red), Oth (green), BG (purple), and FN (orange), with their respective average precision scores shown in brackets. (Best viewed in color).

TABLE 3. Scale-specific performance comparison (APS/APM/APL).

surfaces, and image stabilization features that minimize
motion blur during vehicle-based data collection. They can
be simply mounted on standard vehicles without requiring
special installation or vehicle modifications. Additionally,
these cameras do not require expensive software licenses
or ongoing subscription fees. Our work demonstrates that
effective road damage detection is possible without the need
for expensive, specialized equipment.

The road crack dataset videos were recorded using a
GoPro camera mounted on the front of a car and aimed
at the road surface. As the vehicle traversed various
roads, it recorded multiple types of cracks under varying
lighting conditions, comprehensively representing different
road conditions. A civil engineer carefully reviewed and
validated each road condition to accurately identify and
confirm the presence of various types of cracks. We recorded
30 video segments in MP4 format, each with a resolution
of 1920 × 1440 pixels and a frame rate of 30 fps. Most of
the video segments lasted between 20 and 30 minutes. These

videos were then converted into frames, with blurry images
due to car speeds discarded to maintain quality. We have used
the Computer Vision Annotations Tool to annotate images
in Pascal-VOC and COCO formats. From the video footage,
we annotated a total of 1,500 images. Figure 5 presents the
distribution of the dataset. Some video frames contained up
to 45 annotations, demonstrating the complex and cluttered
nature of various road cracks within a single frame. The
COCO metrics categorize the objects in the dataset into
three sizes based on the area of their bounding boxes. Small
objects occupy less than 32 × 32 pixels, medium objects are
between 32× 32 pixels and 96× 96 pixels, and large objects
exceed 96×96 pixels. According to our ground-truth analysis,
as detailed in Fig. 5, most annotated objects are classified
as large or medium based on COCO metrics. The COCO-
scale analysis reveals a scarcity of small objects, which
explains why the AP for small objects (APS) is undefined
across models. This indicates an absence of data, not poor
performance.
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TABLE 4. Detection results (mAP) on the road-crack dataset. The best results are shown in bold and the second best underlined.

FIGURE 5. The graph presents a ground-truth analysis of bounding box
areas, where each bar represents the count of annotations. These
annotations are categorized into three distinct groups—small, medium,
and large—based on the size of their bounding box areas.

3) EVALUATION METRICS
To evaluate the performance of our object detectors, we have
used the COCO evaluation metrics, a standard metric for
assessing both object detection and segmentation models.
The COCO evaluation framework provides a detailed
analysis of model performance across various Intersection
over Union (IoU) thresholds. It categorizes object detection
results based on different object sizes: small, medium, and
large.

VI. RESULTS AND DISCUSSIONS
This section presents a comprehensive evaluation of our
proposed RDD4D model through quantitative analysis and
qualitative interpretation of findings. We organize our
evaluation into three main components: First, we evaluate
our model’s performance on the proposed DRDD dataset
through detailed quantitative and qualitative comparisons
(Section VI-A). Second, we validate our method by testing
it on the CrackTinyNet benchmark dataset (Section VI-B).
Finally, we conduct extensive ablation studies to understand
the contribution of individual architectural components
(Section VI-C).

A. COMPARISONS ON OUR PROPOSED DRDD DATASET
Precision and recall are essential metrics used to evaluate
a model’s performance. Precision measures the accuracy of
the detections, which is the proportion of correctly predicted
positive identifications. A high precision rate indicates that
the model made few mistakes in its identifications, making it
reliable when predicting the presence of an object. In contrast,
recall evaluates how effectively the model identifies all true
positive detections in the dataset. It reflects the proportion of
true positive detections the model makes relative to the total
number of positives in the data. High recall indicates that the
model leaves few actual positives undetected, maximizing the
chances that if an object is present, the model will recognize
it. A balanced performance in both metrics is crucial for
reliable road damage detection systems. The performance of
various deep learning models was evaluated: YOLOv8 [54],
YOLOv7 [65], YOLOV6 [70] PPYOLOE [66], YOLOX [62],
and RTMDet [63], to detect small, medium, and large road
cracks using the metrics of Average Precision (AP) and
Average Recall (AR).

A classwise AP is given in Table 2, and detailed scale-
specific analysis across different damage types is presented
in Table 3. The value of −1.000 for small (S) and medium
(M) sizes in Alligator and Block cracks, and small sizes
in Transversal cracks, indicates the absence of these scale
variations in our dataset. Our method demonstrates superior
performance in detecting large-scale damages across all
categories, achieving the highest AP scores for Alligator
(0.145), Block (0.900), Longitudinal (0.699), and Transversal
cracks (0.379).The detailed experimental results at different
thresholds are shown in Table 4.

The AP and AR scores of −1.000 for small-sized damages
(APS and ARS) across all models indicate the absence of
small damages in the dataset, rather than poor detection per-
formance. This observation confirms that most road defects
in our dataset belong to a large category. YOLOv7 achieved
the highest AP of 0.127 for medium-sized damages, followed
by RTMDeT with 0.123. In the large damage category, where
most of our dataset’s instances are concentrated, our RDD4D
method significantly outperformed others with an AP of
0.458, while RTMDeT showed the second-best performance
with 0.280.

Regarding recall performance, YOLOV6 demonstrated
strong capability in detecting medium-sized damages with
the highest AR of 0.460, followed by PPYOLOE with 0.388.
For large damages, which constitute the majority of our
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dataset, our method achieved the best AR of 0.690, with
RTMDeT following at 0.623. Overall, our proposed method
demonstrates superior performance with the highest AP
(0.446), AP50 (0.687), and AP75 (0.451) scores across all
models, showing significant improvements over the second-
best performer RTMDeT (AP=0.268, AP50=0.527). These
results validate the effectiveness of our approach, particularly
in detecting the predominant large-sized road damages.

Regarding recall, all models struggled with small objects,
scoring an AR of −1.000. This is due to the absence of
small cracks in the dataset. YOLOv6 achieved the highest
AR of 0.46 for medium-sized objects, demonstrating its
effectiveness in consistently recognizing the presence of
medium-sized cracks more accurately than its counterparts,
despite its lower precision. Our model showed the highest
recall for large road cracks with an AR of 0.690, confirming
its robustness in terms of precision and its ability to reliably
identify a higher proportion of large road cracks present in
the dataset.

A comprehensive analysis of various error distributions
between our model and other models is presented in
Fig. 4. Detection errors in road damage assessment can be
categorized into several types: localization errors (Loc) when
bounding boxes are imprecisely placed, similarity-based
(Sim) confusions between visually similar damage types,
category confusion (Oth) where damages are misclassified,
background false positives (BG) where normal road surfaces
are mistakenly identified as damage, and false negatives
(FN) where actual damages go undetected. Our model
achieves higher confidence scores (C75=0.451, C50=0.687)
compared to YOLOV6 (C75=0.095, C50=0.263), YOLOV7
(C75=0.233, C50=0.498), and YOLOv8 (C75=0.082,
C50=0.299). The localization accuracy (Loc=0.864) is supe-
rior to all other models, indicating more precise bounding
box predictions. Our model maintains better precision across
higher recall values, with a more balanced distribution of
similarity-based and category confusion errors (both Sim and
Oth=0.898).While background detection errors (BG=0.995)
and false negatives (FN=1.000) are present, they occupy
a relatively smaller portion of the graph, particularly at
high recall values. The smoother curves and more gradual
degradation in precision as recall increases suggest a more
robust and stable detection performance. This comprehensive
improvement across all error categories demonstrates that
our model achieves better absolute performance and handles
various detection challenges more effectively than existing
approaches.

Figure 2 presents a qualitative comparison of road damage
detection across four representative test images. Each row
displays the same input image processed by different
methods: ground-truth annotations, our proposed approach,
RTMDet, and YOLOv8, enabling direct assessment of
detection accuracy and precision. The visual comparison
demonstrates that our proposed methodology achieves supe-
rior detection and classification performance compared to
baseline methods. Our approach exhibits particular strength

in accurately localizing and classifying various damage types,
with notably robust performance on large-scale road damage,
which constitutes the majority of real-world cases. The side-
by-side comparison clearly illustrates our model’s enhanced
capability in handling diverse damage categories and scales
encountered in practical road inspection scenarios.

B. COMPARISONS ON CrackTinyNet DATASET
We have not included the RDD2022 dataset [71] due to its
closed test set and lack of public annotations, which excludes
fair and reproducible benchmarking for new entries. Instead,
we use CrackTinyNet, an open benchmarkwith diverse defect
categories to substantiate cross-dataset generalization. Our
proposed method demonstrates significant improvements
over existing approaches on CrackTinyNet [72] as shown in
Table 6. The dataset categorizes road surface defects into
seven distinct classes: three crack types (Longitudinal-D00,
Transverse-D10, and Alligator-D20), surface deformation
(Pothole-D40), two types of marking deterioration (White
Line-D43 and Cross Walk-D44 Blur), and infrastructure
elements (Manhole Cover-D50). With a MAP@.5 score of
0.825, our model substantially outperforms the previous best
performer, CrTNet [72](0.601), on this dataset, representing a
37% improvement in detection accuracy. This enhancement is
particularly noteworthywhen compared towidely used object
detection frameworks such as YOLOv8 [54](0.445) and
EfficientDet [73] (0.552). Our model makes fewer false pos-
itive detections, which is crucial for real-world applications
where false alarms could lead to unnecessary maintenance
inspections. Traditional models like YOLOv5s [74] and
SSD [75] show considerably lower precision (0.27 and 0.31,
respectively). Perhaps most impressively, our model achieves
a recall rate of 0.98, demonstrating its ability to detect
almost all instances of road damage in the dataset. This is
a substantial improvement over CrTNet’s 0.61 recall and far
exceeds other benchmarks like Fast R-CNN [76] (0.55) and
YOLOv8 [54] (0.53).

TABLE 5. Road damage categories and their descriptions with classwise
Average Precision (AP) results for DRDD.

The precision-recall graph in Fig. 6 shows excellent
model performance with uniform confidence scores (C75 and
C50 at 0.825) across different IoU thresholds. The domi-
nant red region representing similarity errors (Sim=0.996)
indicates that most detection errors stem from confusion
between similar damage types rather than localization issues
(Loc=0.825) or background misidentifications (BG=0.997).
The model maintains high precision across most recall
values, with performance degrading only at very high recall
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levels. The classwise performance analysis in Table 5 shows
that our model excels at detecting Cross Walk Blur (D44)
and Transverse Crack (D10), achieving AP scores above
0.90 across both IoU thresholds. The detection of Aligator
Crack (D20), Manhole Cover (D50), and Longitudinal Crack
(D00) also demonstrates strong performance with AP scores
above 0.82. However, the model shows relatively lower
accuracy in detecting White Line Blur (D43) and Potholes
(D40). Potholes are the most challenging category at AP
scores of 0.577 and 0.609, likely due to their irregular shapes
and varying appearances.

FIGURE 6. The graph demonstrates various error types affecting detection
performance: localization accuracy at IoU thresholds of 0.75 (C75) and
0.50 (C50), localization errors (Loc), similarity-based false positives (Sim),
other category confusions (Oth), background detections (BG), and false
negatives (FN).

TABLE 6. Quantitative comparison of detection performance between
our RDD4D and existing state-of-the-art methods evaluated on the
CrackTinyNet [72] dataset. The best results are shown in bold and the
second best underlined.

C. ABLATION STUDIES
The ablation study on Attention4D block placement strate-
gies, as shown in Table 7, reveals that utilizing blocks in
the top-down path yields superior performance (mAP=0.446,
AP50=0.687, AP75=0.451) compared to the bottom-up path
(mAP=0.412) or single block placement (mAP=0.398).
While implementing blocks in both paths marginally
improves performance (mAP=0.455), it comes at the cost
of reduced inference speed (25.1 FPS vs 26.8 FPS) and
increased parameter count (40.2M vs 38.5M). This suggests
that the top-down path placement provides the optimal
balance between detection accuracy and computational effi-
ciency. Further analysis of the number of Attention4D blocks

in Table 8 demonstrates a clear performance trend. While
a single block shows modest results (mAP=0.425), imple-
menting two blocks achieves significantly better performance
(mAP=0.446) with a reasonable parameter increase of 1.3M.
Although adding three or four blocks marginally improves
accuracy (mAP=0.449 and 0.451 respectively), the compu-
tational overhead becomes substantial, reducing the FPS to
25.3 and 23.7 respectively, while increasing the parameter
count to 39.8M and 41.1M. These results validate our choice
of using two Attention4D blocks in the top-down path as the
optimal configuration, providing the best trade-off between
detection accuracy and computational efficiency. Our 2-block
configuration requires 81.2 GFLOPs, representing only a
3.6% increase over the single-block baseline (78.4 GFLOPs),
while achieving significant mAP improvement from 0.425 to
0.446. This finding is consistent with recent work on efficient
attention mechanisms for consumer imaging devices [],
where layer-frozen assisted dual attention achieves competi-
tive performance while minimizing computational overhead.

Our comprehensive evaluation provides critical insights
into automated road damage detection systems. Precision
recall analysis reveals that similarity-based confusions
between damage types, rather than localization errors,
constitute the primary detection challenge, suggesting that
future research should prioritize enhanced discriminative
features for fine-grained classification. Our scale-specific
analysis confirms that large-scale damage detection remains
the predominant real-world challenge, with ourmodel achiev-
ing superior performance (APL=0.458). The substantial
improvement on CrackTinyNet (MAP@.5 of 0.825 vs.
0.601 for previous best) validates the generalizability of
our approach across different datasets. Finally, our ablation
studies demonstrate that two Attention4D blocks in the top-
down path provide the optimal balance between accuracy
(mAP=0.446) and real-time performance (26.8 FPS), offer-
ing practical guidance for deploying automated inspection
systems on resource-constrained edge devices.

TABLE 7. Performance comparison of different placement strategies in
RDD4D. The best results are provided when both paths are used.

TABLE 8. Impact of number of Attention4D blocks on performance of
RDD4D. Using more blocks increases performance.

VII. CONCLUSION
This paper addressed the challenge of multi-type road dam-
age detection by introducing RDD4D, an enhanced detection
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architecture with an integrated Attention4D mechanism.
We also collected a novel dataset that captures diverse
road damage types, with most images containing different
damage types, serving as a valuable resource for the research
community.

While our work demonstrates promising results, it has
several limitations. Our current model architecture presents
challenges for edge deployment due to its computa-
tional requirements, particularly as the Attention4D module
increases the parameter count when used in both paths of
the architecture. Environmental factors, such as shadows,
pose challenges by obscuring features, creating false edges,
and reducing contrast, which complicates detection. These
shadows vary throughout the day based on sun position and
are affected by surrounding infrastructure such as buildings,
trees, and overpasses. It creates dynamic challenges for
consistent detection. Furthermore, dataset size constraints,
lighting variations, weather conditions, difficulties in detect-
ing certain damage types or handling occluded damage, and
limited geographic diversity represent areas requiring further
investigation.

Future work will focus on three key directions. First,
we will optimize RDD4D for edge deployment by applying
model compression techniques, such as knowledge distilla-
tion and quantization, to reduce model size while maintaining
detection accuracy. To facilitate practical deployment, wewill
convert our trained model to hardware-optimized formats,
including ONNX for cross-platform compatibility, Ten-
sorRT for NVIDIA Jetson devices, NCNN for ARM-based
platforms, and TensorFlow Lite for Edge TPU deploy-
ment. Second, we will expand the DRDD dataset across
additional geographic regions and integrate multimodal
sensors, including depth and thermal imaging, to address
environmental challenges. To handle real-world noise factors,
we will implement illumination normalization using Retinex-
based preprocessing to reduce lighting artifacts, introduce
‘patch repair’ as an explicit class in our training dataset,
and develop temporal aggregation across video frames to
handle occlusion. We will implement semantically-aware
augmentation strategies: (1) copy-paste augmentation to
extract small/medium damage instances and composite them
onto different road backgrounds while preserving orientation
and class labels, (2) scale augmentation through multi-
scale training with random scale jittering (0.5–1.5×) to
synthetically create smaller instances, (3) focal loss with
class-aware weighting, and (4) color jittering and brightness
adjustments that preserve spatial structure while increasing
sample diversity. Third, we will develop severity-assessment
capabilities for maintenance prioritization, integrate them
with asset management systems, and conduct temporal
analysis to track damage progression. Finally, we will
provide practical insights for decision-makers, including
cost-benefit analysis frameworks, deployment considerations
for agencies of varying sizes and budgets, training require-
ments, and integration pathways with existing inspection
processes
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