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ABSTRACT: Automated road damage detection is a critical component of intelligent transportation systems, enabling
efficient infrastructure maintenance and improved traffic safety. However, existing approaches often suffer from
limited contextual understanding, insufficient segmentation accuracy, and suboptimal real-time performance. This
study presents TCR-RoadNet, a transformer-enhanced multi-task deep learning architecture designed for simul-
taneous road damage detection and segmentation in real-world driving environments. The proposed framework
integrates a multi-scale convolutional backbone with a Transformer Context Refinement (TCR) module to capture
both fine-grained structural details and long-range spatial dependencies across feature scales. To further enhance
performance, a Decoupled Detection Head (DDH) is employed to stabilize localization and classification learning,
while a Classification Refinement Module (CRM) improves inter-class discrimination using region-based feature
enhancement. In addition, a Boundary-Aware Segmentation Head is introduced to generate precise damage contours by
incorporating edge-sensitive learning mechanisms. The model is evaluated on the RDD2022 dataset, complemented by
an extended dataset containing additional road images collected from Kazakhstan to increase environmental diversity
and robustness. Experimental results demonstrate that the proposed method achieves 0.9416 precision, 0.9235 recall,
and 0.8718 mAP@50, along with a segmentation performance of 0.8129 mean Intersection over Union (mIoU), while
maintaining real-time inference at 57 FPS. Comparative analysis and ablation studies confirm that each architectural
component contributes to consistent performance gains in both detection and segmentation tasks. Qualitative results
further illustrate the robustness of the proposed framework under varying lighting, weather, and road conditions.
The proposed approach offers a scalable and efficient solution for real-time road condition monitoring and intelligent
infrastructure management systems.

KEYWORDS: Road damage detection; pavement defect segmentation; transformer; computer vision; multi-task deep
learning; intelligent transportation systems

1 Introduction
Road transportation networks constitute a critical component of modern infrastructure, supporting

economic activity, public mobility, and logistics operations across urban and rural regions. However,
continuous exposure to dynamic traffic loads, environmental stress, and aging pavement materials inevitably
leads to the formation of various surface defects, including potholes, longitudinal cracks, transverse cracks,
and complex fatigue patterns. These damages gradually degrade pavement quality and, if left undetected,
may evolve into severe structural failures that increase maintenance costs and compromise traffic safety.
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Traditional inspection approaches typically rely on manual surveys conducted by maintenance personnel
or specialized inspection vehicles. Although such procedures provide valuable observations, they are time
consuming, expensive, and often limited in spatial coverage, particularly for large scale road networks [1].
Consequently, the development of automated road damage monitoring systems has become an important
research direction in intelligent transportation infrastructure management [2].

Recent progress in computer vision and deep learning has significantly advanced automated road
damage detection using camera based imaging systems. Convolutional neural networks have demonstrated
strong capability in extracting hierarchical visual features and identifying complex patterns associated with
pavement deterioration [3]. Object detection frameworks have been widely employed to localize defects
such as cracks and potholes within road images captured by vehicle mounted cameras or mobile devices [4].
Nevertheless, road damage detection remains a challenging task due to the diversity of pavement textures,
illumination variations, occlusions, and the wide range of defect scales present in real world environments.
Moreover, many existing approaches focus solely on bounding box detection or classification, which limits
their ability to capture the detailed structural characteristics of pavement defects required for precise
infrastructure assessment [5].

To address these challenges, recent research has explored multi task learning architectures that simul-
taneously perform detection, classification, and segmentation of road damages. Multi scale feature learning
strategies have been introduced to improve the detection of defects that appear at different spatial resolu-
tions [6]. In parallel, transformer based attention mechanisms have emerged as a powerful tool for modeling
long range contextual relationships within visual representations [7]. By integrating transformer modules
with convolutional backbones, modern vision systems can enhance feature interactions across spatial scales
and capture contextual cues that are difficult to model using conventional convolution operations alone [8].
These hybrid architectures have demonstrated promising performance in several dense prediction tasks,
including semantic segmentation and object detection in complex visual scenes [9].

Motivated by these developments, this paper proposes TCR-RoadNet, a transformer enhanced multi
task deep learning architecture designed for real time road damage detection and segmentation. The
proposed framework integrates a multi scale convolutional backbone for hierarchical feature extraction
with a transformer context refinement module that enhances cross scale feature interactions. In addition,
the architecture incorporates a decoupled detection head for accurate localization and a boundary aware
segmentation head for generating detailed damage masks. A classification refinement module further
improves category prediction through region based feature analysis. By jointly optimizing detection and
segmentation tasks within a unified framework, the proposed approach aims to provide a comprehensive
and efficient solution for automated road surface inspection systems [10].

The primary contributions of this study can be summarized as follows. First, a novel multi-task
deep learning architecture, TCR-RoadNet, is proposed to jointly perform road damage detection and
segmentation within a unified framework, enabling more comprehensive and efficient analysis of pavement
conditions. Second, a Transformer Context Refinement (TCR) module is introduced to enhance multi-scale
feature representations by capturing long-range spatial dependencies and facilitating cross-scale contextual
interaction, which is particularly important for complex and irregular road damage patterns. Third, a
Decoupled Detection Head (DDH) is incorporated to separate localization and classification processes,
thereby improving optimization stability and detection accuracy. Fourth, a Classification Refinement Module
(CRM) is designed to refine class predictions using region-of-interest features, effectively reducing ambiguity
among visually similar damage categories. Fifth, a Boundary-Aware Segmentation Head is developed to
improve contour precision by emphasizing edge information, resulting in more accurate delineation of
cracks and potholes. Finally, the robustness and generalization capability of the proposed framework are
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enhanced through the integration of a geographically diverse dataset, combining the RDD2022 benchmark
with additional real-world road images collected from Kazakhstan. These contributions collectively enable
the proposed method to achieve high detection and segmentation performance while maintaining real-time
inference capability.

2 Related Works
Automated road damage detection has attracted significant attention in recent years due to the rapid

development of intelligent transportation systems and the increasing availability of camera-based monitoring
platforms. Early research in this area primarily relied on traditional image processing techniques, includ-
ing edge detection, thresholding, texture analysis, and handcrafted feature extraction. These approaches
attempted to identify pavement cracks and potholes based on geometric patterns or intensity variations
in road images. Although such methods demonstrated feasibility under controlled conditions, their per-
formance was often limited when dealing with complex road textures, illumination changes, shadows,
and noise present in real-world environments [11]. Consequently, the limitations of handcrafted feature-
based techniques motivated the transition toward data-driven machine learning models capable of learning
discriminative representations directly from image data [12]. Recent advancements have further emphasized
the need for robust real-time anomaly detection systems that can be integrated into intelligent driving
assistance frameworks, highlighting the importance of efficient and adaptive detection models [13].

The emergence of deep learning has significantly improved the performance of automated road damage
analysis systems. Convolutional neural networks have become the dominant framework for visual feature
extraction due to their ability to learn hierarchical representations from raw images [14]. Several studies
have applied CNN-based architectures to classify road surface conditions and detect defects using vehicle-
mounted cameras or smartphone-based imaging systems. Object detection models such as region-based
convolutional networks and single-stage detectors have been widely adopted for identifying the location
of road defects within images [15]. In particular, recent developments in YOLO-based architectures have
demonstrated strong performance in terms of both accuracy and real-time capability, making them highly
suitable for practical deployment in road inspection systems [16]. These detection frameworks provide
bounding box predictions that allow maintenance authorities to identify the spatial distribution of pavement
damages across road networks. However, bounding box localization alone is often insufficient for detailed
pavement assessment because it does not provide precise structural information about crack shapes or
pothole boundaries [17].

To overcome this limitation, researchers have explored more advanced learning paradigms that
combine deep learning with attention mechanisms and multi-level feature representations. Transformer-
based approaches have shown promising results in modeling long-range dependencies and improving
contextual understanding in complex visual environments. Moreover, recent studies have investigated
transformer-based parameter aggregation and efficient representation learning strategies, demonstrating
their effectiveness in enhancing model scalability and feature interaction in distributed settings [18]. In
parallel, hybrid feature-based methods that integrate traditional descriptors with learning-based repre-
sentations have also been proposed to improve robustness under challenging imaging conditions, such
as low contrast or repetitive textures [19]. These developments reflect a broader trend toward combining
convolutional feature extraction with contextual modeling and attention mechanisms to achieve more
reliable and generalizable performance in real-world road damage detection tasks.

To overcome this limitation, researchers have explored semantic and instance segmentation approaches
for road damage analysis. Segmentation models enable pixel-level identification of pavement defects,
which is particularly useful for estimating the size and severity of cracks and potholes. Encoder–decoder
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architectures, including variants of fully convolutional networks and U-shaped networks, have demonstrated
strong performance in extracting fine-grained structural information from road images [20]. These models
typically utilize multi-scale feature fusion to capture both global contextual information and local texture
patterns associated with pavement deterioration [21]. Despite their effectiveness, many segmentation models
remain computationally expensive and may struggle to achieve real-time performance when deployed in
large-scale road inspection systems [22].

More recently, attention mechanisms and transformer-based architectures have been introduced to
enhance feature representation in computer vision tasks. Transformer models enable long-range dependency
modeling by capturing relationships between spatial tokens across an image, which can improve contextual
understanding in complex scenes [23]. Hybrid architectures combining convolutional backbones with
transformer modules have demonstrated strong performance in tasks such as object detection, semantic
segmentation, and scene understanding [24]. These approaches leverage convolutional layers to extract local
visual patterns while using attention mechanisms to refine global feature interactions. Cross-scale attention
mechanisms have also been proposed to improve feature fusion across different resolution levels, which is
particularly beneficial for detecting objects that vary significantly in size [25].

In addition to architectural innovations, several studies have investigated multi-task learning frame-
works for road damage analysis. Multi-task models simultaneously perform detection, classification, and
segmentation within a unified architecture, allowing shared feature representations to improve overall
performance [26]. Such frameworks can reduce computational redundancy and improve inference efficiency
compared with separate models trained for individual tasks [27]. Recent research has also explored the
integration of lightweight detection heads and feature pyramid networks to improve the detection of small
and irregularly shaped road defects [28]. These improvements enable models to better capture fine structural
details while maintaining computational efficiency suitable for real-time deployment [29].

Despite these advances, several challenges remain in the design of robust road damage detection
systems. Road defects often appear under varying lighting conditions, occlusions, and heterogeneous
pavement textures, which can degrade model performance in real-world scenarios [30]. In addition, the
wide range of damage scales requires architectures capable of effectively combining multi-resolution features
while preserving spatial detail [31]. Transformer-based contextual modeling offers promising opportunities
to address these issues by enabling dynamic feature interactions across spatial scales [32]. Furthermore,
integrating classification refinement mechanisms can help reduce misclassification between visually similar
damage categories such as longitudinal and transverse cracks [33]. Boundary-aware segmentation modules
have also been introduced to enhance the delineation of crack edges and pothole contours, leading to more
accurate damage masks [34].

Given these observations, there remains a need for an integrated architecture that simultaneously
captures multi-scale spatial features, contextual relationships, and precise boundary information while
maintaining real-time performance. The proposed TCR-RoadNet framework addresses these requirements
by combining a multi-scale convolutional backbone with transformer-based context refinement and special-
ized output heads for detection, classification, and segmentation. This design enables accurate localization
and detailed structural analysis of road damages in camera-based inspection systems, contributing to the
advancement of intelligent road monitoring technologies [35].

Despite significant advancements in road damage detection, existing methods typically focus on either
detection or segmentation tasks independently, limiting their ability to provide comprehensive structural
analysis of pavement defects. Moreover, many approaches rely on convolutional architectures that lack
sufficient capability to model long-range contextual relationships, which are critical for distinguishing
complex and irregular damage patterns.
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While transformer-based models have recently been introduced in computer vision tasks, their appli-
cation in road damage detection remains limited, particularly in multi-task settings. Additionally, existing
works rarely address the challenge of inter-class ambiguity among visually similar damage categories or the
need for precise boundary delineation.

The proposed TCR-RoadNet framework addresses these limitations by integrating multi-scale con-
volutional feature extraction, transformer-based contextual refinement, classification refinement, and
boundary-aware segmentation within a unified architecture. This design enables simultaneous detection and
segmentation while improving both contextual understanding and spatial precision, which are essential for
real-world road condition analysis.

3 Materials and Methods
This section describes the proposed TCR-RoadNet framework for real-time road damage detection

and segmentation. The architecture is designed as a unified multi-task system that integrates convolu-
tional feature extraction with transformer-based contextual modeling and task-specific prediction heads.
Unlike conventional detection pipelines that rely solely on local convolutional features, the proposed
approach explicitly addresses the challenges of scale variability, structural ambiguity, and weak boundary
representation commonly observed in road damage analysis.

Road defects such as cracks and potholes exhibit highly irregular shapes, varying sizes, and low contrast
with surrounding pavement textures. In addition, real-world driving conditions introduce noise factors such
as shadows, occlusions, and illumination variations. These challenges motivate the need for a model that can
simultaneously capture fine local patterns and global contextual relationships, while also providing precise
spatial delineation of damage regions. The overall architecture, illustrated in Fig. 1, is therefore designed
to progressively refine feature representations and distribute them across complementary tasks including
detection, classification, and segmentation.

Figure 1: Transformer-based multi-scale feature refinement architecture.
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Let the input road image be denoted as I ∈ RH×W×3. In the present implementation, each image is resized
to 640 × 640 before being forwarded to the network. The preprocessing operation expressed as

Ir =R (I) , (1)

where R (⋅) denotes resizing and normalization. During training, augmented samples are generated to
improve robustness against illumination changes, viewpoint variations, and texture diversity:

Ia = A(Ir) , (2)

where A(⋅) represents a composition of photometric and geometric augmentations.
As shown in Fig. 1, the preprocessed image is first passed through a multi-scale CNN backbone, which

extracts hierarchical features at progressively reduced spatial resolutions. These backbone features are then
forwarded to a Transformer Context Refinement module to enhance cross-scale interaction and long-range
contextual representation. The refined features are subsequently distributed to three task-oriented branches.
The first is a Decoupled Detection Head, which predicts bounding boxes and objectness scores. The second
is a Classification Refinement Module, which revisits detected regions and improves fine-grained class
discrimination among visually similar damage categories. The third is a Boundary-Aware Segmentation
Head, which generates crack and pothole masks with improved contour precision. Thus, the final model
jointly optimizes detection, classification, and segmentation within one inference graph.

If the backbone outputs are denoted by {F3, F4, F5}, the refined feature set generated by the transformer
module can be written as

{F
′

3, F
′

4, F
′

5} = τ (F3, F4, F5) , (3)

where τ (⋅) denotes the transformer context refinement operation. The complete model output is then
defined as

y = {B̂, Ĉ , M̂} , (4)

where B̂ represents detected boxes, Ĉ represents refined class predictions, and M̂ denotes segmenta-
tion masks.

3.1 Multi-Scale CNN Backbone
The first stage of the proposed framework employs a multi-scale convolutional backbone to extract

hierarchical feature representations from the input image. The motivation behind this design lies in the
observation that road damages manifest at different spatial scales. For example, thin cracks require high-
resolution features to preserve fine details, whereas potholes and alligator cracks require broader contextual
understanding to distinguish them from background structures.

To address this, the backbone is structured as a hierarchical network that progressively reduces spatial
resolution while increasing semantic abstraction. Early layers focus on capturing low-level texture and edge
information, which is critical for identifying narrow crack patterns. Deeper layers encode high-level semantic
features, enabling robust discrimination between damage types and background noise. The resulting multi-
scale feature maps provide complementary information that supports both detection and segmentation tasks.

The internal design of the feature extractor is shown in Fig. 2. The backbone follows a hierarchical multi-
stage convolutional structure composed of 3× 3 convolutional layers, residual Cross Stage Partial (CSP)-style
blocks, and downsampling operations. Its objective is to preserve fine local patterns in shallow layers while
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gradually building stronger semantic representations in deeper layers. This design is particularly suitable
for road damage analysis because narrow cracks, patching artifacts, and potholes may occupy very different
image regions and scales.

Figure 2: Multi-scale CNN backbone architecture.

Given the input tensor Ia , the first stage extracts low-level texture descriptors. Subsequent stages reduce
spatial resolution and increase channel dimensionality. The feature mapping at stage l is written as

Fl = ϕl (Fl−1 , θl) , (5)

where ϕl (⋅) denotes the transformation composed of convolution, normalization, activation, and residual
aggregation, and θl denotes learnable parameters. In accordance with Fig. 2, the backbone finally outputs
three feature maps:

F3 ∈ R80×80×256, F4 ∈ R40×40×512 , F5 ∈ R20×20×1024 (6)

These three levels provide complementary information. F3 preserves detailed spatial structure useful
for thin cracks and boundary-sensitive regions, F4 captures intermediate semantic patterns, and, F5 encodes
high-level contextual cues beneficial for robust damage localization under cluttered backgrounds.

Before entering the transformer stage, the features are projected into a unified embedding dimension
d using 1 × 1 convolution or linear projection. This harmonization allows efficient cross-scale attention while
reducing dimensional inconsistency across pyramid levels.

3.2 Transformer Context Refinement Block
While convolutional layers are effective at modeling local spatial patterns, they are inherently limited

in capturing long-range dependencies across the image. This limitation becomes critical in road damage
detection, where defects may be fragmented, partially occluded, or visually similar to surrounding textures.
To overcome this, the proposed architecture introduces a Transformer Context Refinement module, as
presented in Fig. 3. The key idea behind this module is to enhance feature representations by enabling cross-
scale interaction and global contextual reasoning. By transforming feature maps into token representations
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and applying attention mechanisms, the model can dynamically associate information from different spatial
regions. This allows the network to link disconnected crack segments, distinguish damage from visually
similar patterns. The combination of cross-scale attention and local refinement ensures that both global
structure and local detail are preserved.

Figure 3: Transformer context refinement block.

As shown in the left part of Fig. 3, the feature maps F3, F4 and F5 are first tokenized through projection
and patch pooling operations. Let the token sequence derived from scale s be denoted as Xs ∈ RNs×d .
Tokenization can be expressed as

Xs = Tok (Fs) , s ∈ {3, 4, 5} (7)

where Tok (⋅) denotes flattening with projection into embedding dimension d. A query set is then generated
from one scale and matched against keys and values aggregated from the other scales. The core cross-scale
attention mechanism follows:

Attention (Q , K , V) = So f tmax (QKT
√

D
)V (8)

where Q, K, and V denote query, key, and value matrices, and D is the dimensionality of the key vectors.
Through this operation, the model can associate fine crack textures from shallower scales with stronger
semantics from deeper layers. In practical terms, the module helps distinguish true pavement defects from
visually similar distractors such as lane markings, repaired regions, shadows, and surface stains.

After cross-scale attention, a windowed self-attention and reprojection stage restores the enriched token
representation back to the spatial domain. The refined feature map for scale s can be written as

F
′

s = Pro j (WSA(X∗s )) (9)

where X∗s denotes the context-enhanced token sequence, WSA(⋅) is windowed self-attention, and Pro j (⋅)
denotes reshaping and linear reprojection into a feature map. The output of this stage is the refined pyramid
{F

′

3, F
′

4, F
′

5}, which is then shared by the downstream multi-task heads.
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3.3 Decoupled Detection Head
Traditional detection heads often jointly optimize bounding box regression and classification within

a shared feature space. However, these tasks require different types of information. Localization depends
on precise spatial alignment, while classification relies on semantic discrimination. This mismatch can lead
to unstable optimization and reduced detection accuracy. To address this issue, the proposed framework
employs a Decoupled Detection Head, which separates the learning of localization and classification tasks.
This design allows each branch to specialize in its respective objective. As a result, the model achieves more
accurate bounding box predictions and improved confidence estimation. This is particularly beneficial for
road damage detection, where defects often exhibit irregular shapes and ambiguous boundaries.

The first prediction branch is the Decoupled Detection Head, shown in Fig. 4. Instead of predicting all
target attributes from a single shared subnetwork, the proposed head separates box regression, objectness
estimation, and classification prediction. This decoupling improves optimization stability because localiza-
tion and semantic recognition often require different feature sensitivities. For road damage analysis, this
is especially important because a crack may be spatially elongated but semantically ambiguous, whereas a
pothole may be easily classified yet difficult to localize precisely under weak contrast.

Figure 4: Decoupled detection head.

The refined feature maps {F
′

3, F
′

4, F
′

5} are first processed through lightweight shared convolutions. Then,
separate branches produce box coordinates, objectness scores, and coarse category logits. The box regression
branch predicts

b̂i = (x̂i , y, wi , h) (10)

for the i-th candidate instance. Objectness is modeled as a confidence value indicating whether the region
contains a valid road defect:

ôi = σ (zob j
i ) (11)
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where σ (⋅) is the sigmoid function and zob j
i is the objectness logit. Likewise, the coarse class distribution is

obtained through

p̂c l s
i = So f tmax (zcl s

i ) (12)

where zcl s
i represents class logits over the damage categories. The decoupled structure shown in Fig. 4 allows

each sub-branch to specialize in a distinct task while still benefiting from shared refined features.

3.4 Classification Refinement Module
Road damage categories such as longitudinal cracks, transverse cracks, and alligator cracks often

share similar visual characteristics, making them difficult to distinguish using global features alone.
Misclassification is especially common when defects appear in cluttered or degraded road surfaces.

The Classification Refinement Module (CRM) is introduced to address this challenge by performing
region-level feature refinement. Instead of relying solely on initial predictions, the module re-examines
detected regions using localized features extracted via RoI alignment. This enables the model to focus
on fine-grained structural details, such as orientation and texture patterns, which are critical for accurate
classification. Consequently, the CRM significantly reduces inter-class confusion and improves overall
classification reliability.

Although the detection head produces preliminary class scores, visually similar classes such as lon-
gitudinal cracks, transverse cracks, alligator cracks, and patching regions may still be confused. To reduce
such ambiguity, the model employs the Classification Refinement Module presented in Fig. 5. This module
operates on detected regions of interest after non-maximum suppression and performs a second-stage
region-based class refinement.

Figure 5: Classification refinement module.

Candidate boxes are first filtered and used to extract region-aligned features through RoI Align. Let
B̂nms denote the set of selected regions after suppression. For each region R j ∈ B̂nms , a region descriptor is
extracted as

z j = RoIAl ign (F
′

3, F
′

4, F
′

5, r j) (13)

These region features are then processed by a compact mini-transformer and an MLP classifier to pro-
duce refined class probabilities. The refinement operation is especially useful when local shape orientation,
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texture fragmentation, or repair boundaries must be interpreted within a limited spatial region rather than
the whole image context. In practical terms, it enables more reliable differentiation between crack types and
surface patch defects, which often share coarse appearance statistics but differ in local structural organization.

3.5 Boundary-Aware Segmentation Head
Accurate segmentation of road damage is essential for assessing the severity and extent of pavement

deterioration. However, standard segmentation methods often struggle to capture precise boundaries,
particularly for thin cracks or low-contrast regions. The proposed Boundary-Aware Segmentation Head
is designed to explicitly address this limitation. By incorporating multi-scale feature fusion and boundary
attention mechanisms, the model emphasizes edge-sensitive regions and suppresses background ambiguity.
This enables the generation of segmentation masks with sharper and more accurate contours. The result-
ing masks provide valuable information for downstream applications such as damage quantification and
maintenance planning.

The final prediction branch, depicted in Fig. 6, is the Boundary-Aware Segmentation Head. Its purpose
is to generate pixel-level masks for road damages, with special emphasis on preserving contour quality. This
is crucial because the severity and physical extent of pavement defects are often better characterized by their
exact boundaries rather than by bounding boxes alone.

Figure 6: Boundary-aware segmentation head.

The refined multi-scale features are fused through progressive upsampling. This multi-resolution fusion
allows the segmentation branch to combine fine spatial details from shallower features with contextual
discrimination from deeper ones. A boundary attention gate is further introduced to emphasize contour-
sensitive regions and suppress ambiguous interior-background transitions. The final mask prediction for
class k is obtained as

M̂k = σ (ψ j (F
′

3, F
′

4, F
′

5) , ) (14)

where ψ j (⋅)denotes the mask generation function for the k-th defect category. In this study, the segmentation
branch particularly targets crack and pothole masks.
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3.6 Multi-Task Objective Function
The proposed architecture jointly optimizes detection, classification, and segmentation tasks within

a unified framework. This multi-task design allows shared feature representations to be leveraged across
tasks, improving both efficiency and performance. Detection provides coarse localization, classification
refines semantic understanding, and segmentation delivers precise spatial delineation. By combining these
complementary objectives, the model achieves a balanced representation that is both semantically rich and
spatially precise. This integration is particularly important for real-world deployment, where accurate and
reliable road condition assessment requires more than simple object detection.

The full training objective combines detection, classification, and segmentation losses so that all
branches are optimized jointly. The total loss is defined as

Lk = λ1Lbox + λ2Lob j + λ3Lc l s + λ4Lre f + λ5Lse g + λ6Lbd (15)

where Lbox is the bounding box regression loss, Lob j is the objectness loss, Lc l s is the coarse detection
classification loss, Lre f is the refinement classification loss, Lse g is the mask segmentation loss, and
Lbd is the boundary supervision term. The coefficients λ1 , . . . , λ6 balance the contribution of each task
during optimization.

Overall, the proposed TCR-RoadNet architecture integrates the advantages of convolutional local rep-
resentation, transformer-based contextual reasoning, decoupled detection learning, region-level semantic
refinement, and boundary-sensitive segmentation. The proposed framework is designed to support accurate
and real-time road damage understanding on camera images under realistic deployment conditions.

4 Data
The experimental evaluation of the proposed TCR-RoadNet framework is conducted using a com-

bination of publicly available and locally collected datasets to ensure both benchmark comparability and
real-world applicability. The primary dataset employed in this study is the RDD2022 dataset, which is widely
used for road damage detection tasks due to its diversity and large-scale annotations.

4.1 Dataset
The primary dataset used for training and evaluating the proposed TCR-RoadNet framework is the

RDD2022 (Road Damage Dataset 2022) [36]. This dataset is a large-scale benchmark designed specifically
for automatic road damage detection using computer vision and deep learning methods. RDD2022 contains
47,420 road images collected from six different countries, including Japan, India, the Czech Republic,
Norway, the United States, and China. The images were captured using vehicle-mounted cameras under
diverse environmental conditions such as varying illumination levels, traffic scenes, pavement textures, and
weather conditions. The dataset includes more than 55,000 annotated road damage instances, covering
five major pavement defect categories: longitudinal crack, transverse crack, alligator crack, pothole, and
other corruption. The dataset was originally introduced as part of the Crowd Sensing-based Road Damage
Detection Challenge (CRDDC 2022) to promote the development of automated infrastructure inspection
systems. Fig. 7 presents several representative examples from the dataset, illustrating the diversity of road
scenes and the visual variability of pavement damages encountered in real-world environments.
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Figure 7: Representative samples from the RDD2022 dataset.

A detailed statistical summary of the dataset is provided in Table 1, which reports the number of images,
object instances, average instance count per image, and average relative area of each damage category. As
shown in Table 1, the dataset contains 13,657 images with longitudinal crack annotations, representing the
largest category in the dataset with 26,196 labeled objects, corresponding to an average of 1.92 instances per
image. The alligator crack category includes 8412 images and 10,617 objects, with an average coverage area
of 15.41%, which is significantly larger than other classes due to the extensive surface degradation associated
with fatigue cracking. Transverse cracks appear in 7744 images, generating 11,875 labeled objects with an
average object frequency of 1.53 per image. The pothole category contains 3674 images and 6544 instances,
with a relatively small average area of 2.76%, reflecting the localized nature of pothole defects. Finally, the
other corruption class includes 4708 images and 5850 objects, representing irregular pavement deterioration
patterns that do not fall into the standard crack categories. These statistics demonstrate that the dataset
contains significant variability in both object frequency and spatial coverage across different damage types,
which provides a challenging benchmark for evaluating detection and segmentation models.

The original RDD2022 dataset provides annotations for five primary road damage categories, namely
longitudinal cracks, transverse cracks, alligator cracks, potholes, and other corruption. However, for a more
comprehensive evaluation of real-world road conditions, the present study extends the classification scheme
to include eight categories. In addition to the original damage classes, three additional categories, namely
damaged paint, damaged crosswalk, and manhole cover, are incorporated based on observations from real-
world road environments and the supplementary dataset collected from Kazakhstan.

The inclusion of these additional classes is motivated by the fact that such road surface irregularities
frequently appear in practical driving scenarios and may affect vehicle safety and navigation. These categories
were annotated during the local dataset collection process and integrated into the training and evaluation
pipeline. As a result, the proposed model is trained and evaluated on a unified dataset that combines the
original RDD2022 annotations with extended class labels, enabling a more realistic and comprehensive
assessment of road surface conditions.
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Table 1: RDD2022 dataset statistics by damage category.

Class Images Objects Count on Image (Average) Area on Image (Average)
Alligator crack 8412 10,617 1.26 15.41%

Longitudinal crack 13,657 26,196 1.92 5.04%
Other corruption 4708 5850 1.24 10.8%

Pothole 3674 6544 1.78 2.76%
Transverse crack 7744 11,875 1.53 3.35%

In addition to the RDD2022 dataset, we further expanded the training data by collecting road images
from Kazakhstan road environments to improve the robustness of the proposed model under local pavement
conditions. Road surfaces in Kazakhstan often exhibit distinct structural characteristics influenced by climate
factors such as extreme seasonal temperature variations, freeze–thaw cycles, and heavy truck traffic. To
capture these variations, we collected and annotated additional road images using vehicle-mounted cameras
operating in urban and suburban regions. Specifically, we added 2000 images for each damage category,
resulting in an additional 10,000 labeled images covering all five classes listed in Table 1. This augmentation
improves the geographic diversity of the dataset and enables the model to learn damage patterns that are
not fully represented in the original RDD2022 data. By combining the international benchmark dataset with
locally collected road images, the resulting training corpus provides a more comprehensive representation
of global and regional pavement deterioration scenarios.

4.2 Segmentation Annotation Protocol
Although the RDD2022 dataset provides bounding box annotations for road damage detection, it does

not include pixel-level segmentation masks required for training the segmentation branch of the proposed
TCR-RoadNet framework. To address this limitation, a semi-automatic annotation pipeline was developed
to generate high-quality segmentation ground truth for crack and pothole regions.

Initially, coarse segmentation masks were generated using the Segment Anything Model (SAM),
which provides strong general-purpose segmentation capabilities for object-level mask extraction. For
each annotated bounding box in the dataset, SAM was applied to produce an initial segmentation mask
corresponding to the damage region. This approach allowed efficient large-scale mask generation while
preserving spatial consistency with detection annotations.

However, automatic segmentation alone is insufficient for precise boundary delineation, particularly
for thin cracks and irregular damage patterns. Therefore, all generated masks were manually refined by
trained annotators using annotation tools such as CVAT. The refinement process focused on correcting
boundary inaccuracies, removing noise, and ensuring alignment with visible damage structures. Special
attention was given to complex cases such as low-contrast cracks, overlapping damage regions, and partially
occluded defects.

To ensure annotation quality and consistency, a two-stage validation process was applied. First, anno-
tators performed internal verification by cross-checking generated masks against original images. Second,
a subset of annotations was reviewed by a senior annotator to validate correctness and maintain labeling
standards. The final segmentation masks were then integrated with the detection annotations to form a
unified dataset for multi-task learning.



Comput Mater Contin. 2026;88(3):42 15

This semi-automatic annotation strategy provides a practical balance between scalability and accuracy,
enabling the proposed model to learn precise spatial representations of road damage while maintaining
consistency with the original dataset structure.

4.3 Local Dataset Collection and Annotation
To enhance the robustness and generalization capability of the proposed model, additional road images

were collected from real-world driving environments in Kazakhstan. The inclusion of this dataset aims to
address domain variability arising from differences in road materials, weather conditions, and infrastructure
characteristics that are not fully represented in the RDD2022 dataset.

The data acquisition process was conducted using vehicle-mounted cameras installed on passenger
vehicles operating in urban and suburban regions. Images were captured under diverse environmental con-
ditions, including varying illumination levels, weather scenarios, and traffic densities. The collected images
have a resolution of 1920× 1080 pixels, ensuring sufficient detail for both detection and segmentation tasks. To
maintain consistency with the RDD2022 dataset, all images were resized to 640 × 640 during preprocessing.

The annotation process was performed using professional labeling tools such as CVAT, where both
bounding boxes and segmentation masks were generated. Each image was annotated according to the
same class definitions used in the extended evaluation setup, including alligator cracks, longitudinal cracks,
transverse cracks, potholes, damaged paint, damaged crosswalk, manhole cover, and background regions.
To ensure labeling consistency, a detailed annotation guideline was developed, specifying class definitions,
boundary rules, and handling of ambiguous cases.

A total of 2000 images per class were added, resulting in a balanced dataset that complements the
original RDD2022 distribution. The annotation process involved multiple trained annotators with prior
experience in computer vision labeling tasks. To ensure quality and reliability, a two-stage verification process
was implemented. In the first stage, annotations were reviewed internally by annotators to correct potential
labeling errors. In the second stage, a subset of annotated samples was cross-validated by a senior reviewer
to ensure consistency and accuracy across the dataset.

This augmentation strategy significantly improves the diversity of training data and enables the
proposed model to better generalize to real-world conditions, particularly in regions with different road
characteristics and environmental factors.

5 Results
Comprehensive experiments were conducted to evaluate the effectiveness of the proposed TCR-

RoadNet framework for road damage detection and segmentation under realistic driving conditions. The
evaluation was performed using the RDD2022 dataset together with additional road images collected from
Kazakhstan road environments to increase scene diversity and pavement variability. Model performance was
assessed using standard metrics including precision, recall, mAP@50, mAP@50–95, and segmentation mIoU,
enabling a detailed analysis of both detection accuracy and mask quality. In addition to quantitative evalua-
tion, qualitative visualization results are presented to demonstrate the capability of the proposed architecture
to detect different pavement defects in complex road scenes. The experimental analysis further includes
confusion matrix evaluation, precision–recall performance curves, and ablation studies to investigate the
contribution of individual architectural components and to validate the effectiveness of the transformer-
enhanced multi-task learning framework. All experiments were conducted using the extended 8-class setting
to better reflect real-world road scenarios.
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5.1 Evaluation Metrics
The performance of the proposed TCR-RoadNet framework was evaluated using widely adopted

metrics in object detection and image segmentation tasks. These metrics allow a comprehensive assess-
ment of the model’s capability to correctly localize, classify, and segment road surface damages. For the
detection task, the primary evaluation measures include precision, recall, and mean Average Precision
(mAP), which are computed based on the comparison between predicted bounding boxes and ground-truth
annotations [37–39]. Precision measures the proportion of correctly predicted damage instances among all
predicted detections and is defined as

Precision = TP
TP + FP

(16)

where TP denotes the number of true positive detections and FP represents false positive predictions. Recall
evaluates the ability of the model to detect all relevant damage instances and is defined as

Recal l = TP
TP + FN

(17)

where FN represents the number of false negatives, corresponding to ground-truth objects that were not
detected by the model.

To evaluate detection accuracy across different confidence thresholds, the Average Precision (AP) met-
ric is calculated from the area under the precision–recall curve. The mean Average Precision (mAP) is then
obtained by averaging the AP values across all classes. In this study, two commonly used detection metrics
are reported: mAP@50, which uses an Intersection-over-Union (IoU) threshold of 0.5, and mAP@50–95,
which averages AP values across IoU thresholds ranging from 0.5 to 0.95. The IoU between the predicted
bounding box Bp and ground truth box Bg is defined as

IoU =
∣Bp ∩ Bg ∣
∣Bp ∪ Bg ∣

(18)

For the segmentation task, the performance of the model is measured using Intersection-over-Union
(IoU) and mean Intersection-over-Union (mIoU), which evaluate the overlap between predicted masks and
ground-truth segmentation maps. The IoU for a single class is defined as

IoU = TP
TP + FP + FN

(19)

The overall segmentation accuracy is then computed by averaging IoU values across all classes to obtain
mIoU. Segmentation masks were generated using the protocol described in Section 4.1. In addition, the Dice
coefficient is used to measure the similarity between predicted and ground-truth masks, defined as

Dice = 2TP
2TP + FP + FN

(20)

These evaluation metrics collectively provide a balanced assessment of detection reliability, classi-
fication capability, and segmentation accuracy of the proposed framework in real-world road damage
monitoring scenarios.
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5.2 Implementation Details and Computational Setup
The proposed TCR-RoadNet model was implemented using the PyTorch deep learning framework and

trained on a workstation equipped with an NVIDIA RTX 3090 GPU (24 GB VRAM), an Intel Core i9
processor, and 64 GB RAM. All experiments were conducted under a Linux-based environment with CUDA
acceleration enabled.

The input images were resized to 640 × 640 pixels, and batch training was performed using standard
stochastic gradient optimization techniques. The model was trained for a fixed number of epochs until
convergence, and inference performance was evaluated on the test set using the same resolution.

The reported inference speed of 57 frames per second (FPS) corresponds to GPU-based evaluation
under batch size 1, representing a real-time processing scenario. In this study, real-time capability is defined as
the ability of the system to process input frames at or above 30 FPS, which is commonly considered sufficient
for real-world deployment in vehicle-mounted inspection systems.

5.3 Experiment Results
The experimental evaluation was conducted using a subset of the RDD2022 dataset, which was reorga-

nized into eight representative classes to better capture the diversity of road surface conditions encountered
in real driving scenarios. The selected classes include Alligator Cracks, Damaged Crosswalk, Damaged Paint,
Longitudinal Cracks, Manhole Cover, Potholes, Transverse Cracks, and Background. This categorization
allows the evaluation process to assess the ability of the proposed model to distinguish true pavement defects
from visually similar road surface elements such as traffic markings or infrastructure components. The
inclusion of classes such as damaged crosswalks and painted markings is particularly important because these
elements frequently appear in road scenes and can resemble crack patterns in camera images. Each category
contains images captured under varying environmental conditions, including changes in lighting, pavement
texture, and urban scene complexity. Such variability provides a challenging benchmark for evaluating the
robustness and generalization capability of the proposed detection and segmentation framework.

The classification behavior of the proposed TCR-RoadNet architecture is illustrated through the
confusion matrix presented in Fig. 8. The matrix provides a comprehensive view of prediction distributions
across the eight classes, highlighting both correct detections and potential misclassification patterns. Strong
values along the diagonal indicate that the model correctly identifies the majority of instances belonging
to key pavement damage categories, particularly Alligator Cracks, Longitudinal Cracks, and Manhole
Covers, which demonstrate high true prediction counts. Reliable detection performance is also observed for
Transverse Cracks and Potholes, indicating that the multi-scale feature representation and transformer-based
contextual refinement contribute to improved recognition of structurally complex defects. Some confusion
is observed between Damaged Paint and crack-related classes, which can be attributed to the visual similarity
between deteriorated lane markings and fine crack structures on asphalt surfaces. Additionally, a relatively
large number of predictions are associated with the Background category because many road images contain
extensive undamaged pavement regions. Despite these challenges, the confusion matrix demonstrates that
the proposed architecture effectively captures discriminative features across different road damage categories
while maintaining robustness against visually similar non-defect structures.
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Figure 8: Confusion matrix illustrating the classification performance of the proposed TCR-RoadNet model across
different road damage categories.

Fig. 9 illustrates the evaluation curves of the proposed TCR-RoadNet model, including the Precision–
Confidence, Recall–Confidence, Precision–Recall, and F1–Confidence relationships for the eight considered
road surface categories. The Precision–Confidence curve demonstrates that prediction precision increases
steadily as the confidence threshold grows, indicating that high-confidence detections produced by the model
correspond to highly reliable predictions. Several classes, particularly Damaged Crosswalk and Manhole
Cover, achieve precision values close to 1.0 at higher confidence levels, reflecting the strong discriminative
capability of the network for these visually distinctive patterns. In contrast, the Recall–Confidence curve
shows a gradual decline as the confidence threshold increases, which is expected because stricter thresholds
reduce the number of accepted detections. The Precision–Recall curve further reveals the trade-off between
detection completeness and prediction reliability across different classes. Categories such as Damaged
Crosswalk and Alligator Cracks maintain relatively high precision over a wide recall range, while more
irregular defect categories such as Transverse Cracks exhibit a steeper decline due to their complex shapes and
variable visual appearance. The aggregated results indicate an overall mAP of approximately 0.588, suggesting
balanced detection performance across all classes. Finally, the F1–Confidence curve highlights the optimal
operating point of the model, where precision and recall are jointly maximized. The peak F1 scores occur
at moderate confidence levels, demonstrating that the proposed architecture achieves an effective balance
between detection accuracy and recall coverage when identifying road surface damages in challenging
real-world scenes.
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Figure 9: Performance evaluation curves of the proposed TCR-RoadNet model, including precision–confidence,
recall–confidence, precision–recall, and F1–confidence metrics across different road damage classes.

Fig. 10 illustrates the training dynamics of the proposed TCR-RoadNet model during the optimization
process, presenting the evolution of loss functions and performance metrics across training epochs. The
training loss curves, including train/box_loss, train/cls_loss, and train/dfl_loss, show a consistent decreasing
trend as the number of epochs increases, indicating that the model progressively learns more accurate
bounding box localization, classification, and distribution focal representations. A similar convergence
behavior is observed for the validation losses (val/box_loss, val/cls_loss, and val/dfl_loss), which decrease
rapidly during the early training stages and gradually stabilize in later epochs. This pattern suggests effective
generalization and indicates that the model does not suffer from significant overfitting during training.
In addition to the loss curves, the performance metrics demonstrate steady improvement as training
progresses. The precision and recall curves gradually increase and stabilize after approximately 60–70 epochs,
reflecting the model’s growing ability to correctly identify road damage instances while minimizing false
detections. Furthermore, the mAP50 and mAP50–95 metrics exhibit a consistent upward trend, ultimately
reaching stable performance levels near the end of training. These results indicate that the proposed
architecture effectively learns discriminative multi-scale features and contextual representations, enabling
reliable detection and segmentation of road surface damages in complex real-world scenes.
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Figure 10: Training and validation performance curves of the proposed road damage detection model, illustrating loss
convergence (box, classification, and DFL losses) and evaluation metrics including precision, recall, mAP@0.5, and
mAP@0.5:0.95 across training epochs.

Fig. 11 presents qualitative detection results obtained using the proposed TCR-RoadNet architecture
on representative road scenes from the evaluation dataset. The examples illustrate the model’s ability to
accurately detect and localize multiple types of pavement defects within complex urban environments.
Various damage categories, including Alligator Cracks, Longitudinal Cracks, Transverse Cracks, Potholes,
Damaged Paint, and Manhole Covers, are successfully identified across diverse road conditions, lighting
variations, and background textures. The bounding boxes highlight that the network effectively captures
both large-scale degradation patterns such as alligator cracks and smaller localized defects such as potholes.
In several scenes, the model also demonstrates the capability to detect multiple defect types simultaneously
within a single image, indicating strong multi-class recognition performance. Despite the presence of
visual distractions such as road markings, vehicles, shadows, and surrounding infrastructure, the predicted
detections remain spatially consistent with the true damage locations. These qualitative results confirm that
the integration of transformer-based contextual refinement with multi-scale feature extraction enables the
model to robustly identify road surface damages in real-world driving environments.

Fig. 12 demonstrates the real-world deployment capability of the proposed TCR-RoadNet framework
in practical driving environments using vehicle-mounted cameras. The examples illustrate the model’s
ability to detect and localize various road surface defects under realistic urban conditions that include
traffic, pedestrians, varying illumination, and complex background structures. Different pavement anomalies
such as damaged crosswalk markings, alligator cracks, potholes, damaged paint, and transverse cracks are
successfully identified with confidence scores, indicating the model’s capability to distinguish structural
pavement deterioration from other road elements. The results show that the system remains effective
even in challenging scenarios involving winter road conditions, partial occlusions, and diverse pavement
textures. Furthermore, the framework can process scenes containing multiple objects and road infras-
tructure elements while maintaining consistent localization of damage regions along the driving path.
Such performance demonstrates the potential of the proposed architecture for integration into intelligent
transportation systems, autonomous vehicle perception modules, and automated road inspection plat-
forms, where continuous monitoring of pavement conditions is essential for improving road safety and
infrastructure maintenance efficiency.
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Figure 11: Qualitative detection results of the proposed road damage detection model showing multi-class localization
of pavement defects across diverse road environments.

Figure 12: Real-time crack detection.
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Table 2 presents a comparative analysis of the proposed TCR-RoadNet framework against several
existing methods for road damage detection and segmentation reported in the literature. The comparison
highlights the performance of different model architectures in terms of precision, recall, detection accuracy,
and computational efficiency. Traditional CNN-based approaches, such as the deep CNN road damage
detector [39], achieve moderate performance with a precision of 0.53 and mAP@50 of 0.52, but they are
limited by relatively low recall and lack real-time capability. Earlier segmentation-oriented architectures
such as WFU-UNet [40] and SegNet [41] demonstrate strong segmentation precision but are generally
designed for offline analysis and do not focus on real-time detection in complex road scenes. Similarly,
CrackNet [42] achieves high recall for crack detection but is primarily specialized for crack recognition and
does not address multi-class road damage detection. More recent YOLO-based approaches, including RDD-
YOLO [43] and YOLOv8-CCS [44], improve detection accuracy and enable real-time inference by leveraging
optimized object detection frameworks. However, these methods focus mainly on bounding box detection
and lack detailed segmentation capability. The proposed TCR-RoadNet architecture achieves the highest
overall performance, reaching 0.9416 precision, 0.9235 recall, and 0.8718 mAP@50, while maintaining real-
time processing at 57 FPS. These results demonstrate that the integration of multi-scale convolutional features
with transformer-based contextual refinement and boundary-aware segmentation significantly improves
both detection accuracy and spatial understanding of pavement defects compared with existing approaches.

Table 2: Comparative performance analysis of existing road damage detection and segmentation methods.

Study/Method Model Type Dataset Task Precision Recall mAP@50 FPS Real-Time
Capability

Deep CNN-based
Road Damage
Detector [39]

CNN RDD2020 Detection 0.53 0.46 0.52 18 No

Road Crack Detection
and Segmentation [40] WFU-Unet Own data Detection +

Segmentation 0.9143 0.8663 0.8168 – –

SegNet [41]
A Deep Convolutional

Encoder-Decoder
Architecture

Segmentation 0.9299 0.7845 – – –

CrackNet [42] Detection 0.8431 0.9012 – – –

CrackForest
dataset 0.638

RDD-YOLO [43] Improved YOLOv8 RDD2022 Detection 0.64 0.55 0.62 48 Yes

YOLOv8-CCS [44]
CNN-based cascaded

damage detection
network

HL2019
dataset Detection 0.65 0.57 0.63 47 Yes

Pavement damage
detection [45]

Integration of YOLO
v11x and VLMs RDD2022 Detection 0.6078 0.5105 0.2600 – Yes

Proposed
TCR-RoadNet

CNN + Transformer
Multi-task

RDD2022 +
Local Data

Detection +
Segmentation 0.9416 0.9235 0.8718 57 Yes

5.4 Ablation Study
A comprehensive ablation study was conducted to evaluate the contribution of each architectural com-

ponent in the proposed TCR-RoadNet framework and to analyze their impact on detection, classification,
and segmentation performance. The objective of this analysis is to systematically investigate how individual
modules influence the overall capability of the model in identifying road surface damages. Starting from a
baseline configuration consisting of a multi-scale convolutional backbone with a standard detection pipeline,
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additional components were progressively integrated, including the Transformer Context Refinement (TCR)
module, the Decoupled Detection Head (DDH), the Classification Refinement Module (CRM), and the
Boundary-Aware Segmentation Head (BSH). Each configuration was evaluated using standard performance
metrics such as precision, recall, mAP@50, mAP@50–95, and segmentation mIoU, allowing a detailed com-
parison of model variants. This experimental design enables a clear assessment of how contextual attention
mechanisms, refined classification strategies, and boundary-aware segmentation contribute to improved
detection accuracy and spatial localization of road defects. The results of these experiments provide insights
into the effectiveness of the proposed architectural enhancements and demonstrate how the combination of
these modules leads to the optimal performance achieved by the complete TCR-RoadNet model.

Table 3 presents the progressive ablation analysis of the proposed TCR-RoadNet architecture to evaluate
the contribution of each module to the overall system performance. The baseline configuration, which
consists only of the multi-scale CNN backbone with a standard detection head, achieves a precision of 0.8124
and mAP@50 of 0.7426 while maintaining the highest inference speed. Introducing the Transformer Context
Refinement (TCR) module significantly improves contextual feature representation, leading to noticeable
gains in both precision and recall. The addition of the Decoupled Detection Head (DDH) further improves
localization stability and classification performance, resulting in higher detection accuracy. When the
Classification Refinement Module (CRM) is incorporated, the model demonstrates improved discrimination
between visually similar road damage categories. Finally, integrating the Boundary-Aware Segmentation
Head (BSH) produces the complete TCR-RoadNet model, achieving the best overall performance with
0.9416 precision, 0.9235 recall, and 0.8718 mAP@50, while maintaining real-time processing capability at
57 FPS. These results confirm that each architectural component contributes positively to the performance
improvement of the proposed framework.

Table 3: Progressive ablation of the proposed TCR-RoadNet modules.

Model Variant
Multi-Scale

CNN
Backbone

Transformer
Context

Refinement
(TCR)

Decoupled
Detection

Head (DDH)

Classification
Refinement

Module
(CRM)

Boundary-
Aware

Segmentation
Head (BSH)

Precision Recall mAP@50 mAP@
50–95 mIoU

Baseline Detector ✓ – – – – 0.8124 0.7841 0.7426 71 0.41

Baseline + TCR ✓ ✓ – – – 0.8613 0.8365 0.7984 66 0.44

Baseline + TCR +
DDH ✓ ✓ ✓ – – 0.8945 0.8732 0.8286 63 0.46

Baseline + TCR +
DDH + CRM ✓ ✓ ✓ ✓ – 0.9187 0.9021 0.8527 60 0.48

Full
TCR-RoadNet ✓ ✓ ✓ ✓ ✓ 0.9416 0.9235 0.8718 57 0.87

Table 4 presents the trade-off analysis between detection accuracy, segmentation quality, and com-
putational efficiency for different configurations of the proposed TCR-RoadNet architecture. The baseline
model achieves the highest inference speed due to its simpler structure but demonstrates lower performance
in both detection and segmentation tasks. The integration of the Transformer Context Refinement (TCR)
module significantly improves contextual feature representation, resulting in noticeable gains in precision,
recall, and segmentation accuracy. Introducing the Decoupled Detection Head (DDH) further enhances
localization stability and classification reliability, which leads to improved mAP@50 and mask quality. The
Classification Refinement Module (CRM) provides additional improvements by reducing misclassification
between visually similar pavement damage categories. Finally, the complete TCR-RoadNet architecture
achieves the best overall performance, reaching 0.9416 precision, 0.9235 recall, and 0.8718 mAP@50, while
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also achieving the highest segmentation performance with 0.8129 mIoU and maintaining real-time inference
capability at 57 FPS. These results demonstrate that the proposed architecture achieves an effective balance
between detection accuracy, segmentation precision, and computational efficiency.

Table 4: Detection–classification–segmentation trade-off per module.

Model Variant Detection
Precision

Detection
Recall Detection mAP@50 Segmentation

mIoU
Dice
Score FPS

Baseline Detector 0.8124 0.7841 0.7426 0.6812 0.7125 71
Baseline + TCR 0.8613 0.8365 0.7984 0.7217 0.7568 66

Baseline + TCR + DDH 0.8945 0.8732 0.8286 0.7546 0.7869 63
Baseline + TCR + DDH + CRM 0.9187 0.9021 0.8527 0.7815 0.8123 60

Full TCR-RoadNet 0.9416 0.9235 0.8718 0.8129 0.8454 57

Table 5 presents the ablation analysis of different transformer configurations integrated into the pro-
posed architecture. The CNN-only baseline without transformer attention achieves the lowest performance
because convolutional operations alone have limited capability to model long-range contextual relationships
in road scenes. Introducing standard global self-attention improves detection accuracy by allowing the net-
work to capture dependencies between distant spatial regions of the feature maps. Windowed self-attention
further enhances performance by focusing on local spatial relationships while maintaining computational
efficiency. The cross-scale attention configuration provides additional improvements by enabling interactions
between multi-resolution features extracted by the backbone network. The proposed Transformer Context
Refinement (TCR) module achieves the highest overall performance, reaching 0.9416 precision, 0.9235
recall, and 0.8718 mAP@50, while maintaining real-time processing at 57 FPS. These results demonstrate
that combining cross-scale contextual modeling with transformer-based feature refinement significantly
improves the representation of complex road damage patterns across different spatial scales.

Table 5: Transformer design ablation for the proposed TCR-RoadNet architecture.

Transformer
Configuration

Transformer
Configuration

Attention
Mechanism

Number of
Heads

Embedding
Dimension Precision Recall mAP@50 FPS

No Transformer
(CNN Only)

No Transformer
(CNN Only) – – – 0.8124 0.7841 0.7426 71

Standard
Self-Attention

Standard
Self-Attention Global Self-Attention 4 128 0.8613 0.8365 0.7984 66

Windowed
Self-Attention

Windowed
Self-Attention

Local Window
Attention 4 128 0.8945 0.8732 0.8286 63

Cross-Scale Attention Cross-Scale Attention Multi-Scale Feature
Interaction 6 160 0.9187 0.9021 0.8527 60

Proposed TCR
Module

Proposed TCR
Module

Cross-Scale +
Context Refinement 8 192 0.9416 0.9235 0.8718 57

Fig. 13 illustrates the performance improvements achieved through the progressive integration of the
proposed architectural components within the TCR-RoadNet framework. The bar chart compares detection
accuracy measured by mAP@50 and segmentation quality measured by mIoU across different model
configurations. The baseline model, which consists of a multi-scale convolutional backbone without addi-
tional refinement modules, provides the lowest performance with an mAP@50 of approximately 0.49 and
an mIoU of about 0.41. Introducing the Transformer Context Refinement module leads to a noticeable
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improvement in both metrics, indicating that transformer-based contextual modeling enhances the ability
of the network to capture spatial relationships between road damage patterns. The addition of the Decoupled
Detection Head further increases detection accuracy by separating localization and classification tasks,
which reduces prediction conflicts and improves bounding box regression stability. When the Classification
Refinement Module is incorporated, the model demonstrates additional gains in both mAP and mIoU,
reflecting improved discrimination between visually similar pavement defects. Finally, the complete TCR-
RoadNet architecture with the Boundary-Aware Segmentation Head achieves the highest performance,
reaching approximately 0.60 mAP@50 and 0.51 mIoU. These results demonstrate that each proposed module
contributes positively to the overall system, and that the combined architecture effectively enhances both
detection accuracy and segmentation precision for complex road damage scenarios.

Figure 13: Performance improvement obtained by progressively integrating architectural modules into the proposed
TCR-RoadNet framework.

Fig. 14 illustrates the relationship between detection accuracy and inference speed for different configu-
rations of the proposed TCR-RoadNet architecture, highlighting the trade-off between model performance
and computational efficiency. The baseline configuration achieves the highest inference speed, reaching
approximately 71 FPS, but provides the lowest detection accuracy with an mAP@50 of about 0.7426. As
additional architectural components are progressively incorporated, detection performance consistently
improves while the inference speed gradually decreases due to the increased computational complexity of
the network. The integration of the Transformer Context Refinement (TCR) module significantly enhances
contextual feature representation, leading to a noticeable improvement in detection accuracy. Further
performance gains are observed when the Decoupled Detection Head (DDH) and Classification Refinement
Module (CRM) are added, indicating that these components contribute to improved localization stability
and more accurate classification of pavement defects. The complete TCR-RoadNet architecture achieves
the highest performance, reaching an mAP@50 of 0.8718 while maintaining a real-time inference speed of
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57 FPS. These results demonstrate that the proposed framework effectively balances detection accuracy and
computational efficiency, making it suitable for practical deployment in vehicle-mounted road monitoring
and intelligent transportation systems.

Figure 14: Accuracy–efficiency trade-off across ablation variants of the proposed TCR-RoadNet framework.

6 Discussion
The experimental results demonstrate that the proposed TCR-RoadNet framework provides a robust

and efficient solution for automatic road damage detection and segmentation in complex driving environ-
ments. The integration of multi-scale convolutional feature extraction with transformer-based contextual
modeling enables the network to capture both local structural patterns and long-range spatial relationships
across road surfaces. This capability is particularly important for detecting irregular pavement defects such
as alligator cracks and potholes, which often appear with varying shapes, sizes, and textures. The quantitative
results indicate consistent improvements in detection accuracy and segmentation quality compared with the
baseline configuration, suggesting that contextual attention mechanisms play a significant role in improving
the representation of road damage features. The confusion matrix and evaluation curves further confirm
that the proposed architecture effectively distinguishes between visually similar classes while maintaining
balanced precision and recall across multiple damage categories.

The ablation experiments provide additional insights into the contribution of each architectural
component. The Transformer Context Refinement module enhances contextual understanding by enabling
feature interactions across spatial regions, which improves the recognition of extended crack patterns.
The Decoupled Detection Head improves localization and classification stability by separating bounding
box regression from category prediction, reducing conflicts between detection tasks. The Classification
Refinement Module further improves discrimination between similar pavement defects such as longitudinal
and transverse cracks. In addition, the Boundary-Aware Segmentation Head improves the delineation
of crack contours and pothole boundaries, resulting in higher segmentation accuracy and better spatial
consistency. The progressive performance gains observed in the ablation study confirm that each component
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contributes positively to the overall architecture, and that their combined integration leads to a balanced
improvement across detection, classification, and segmentation tasks.

The qualitative results obtained from real driving scenarios demonstrate the practical applicability
of the proposed framework for intelligent transportation systems. The model successfully detects various
pavement defects in complex urban scenes containing traffic participants, road infrastructure, and envi-
ronmental variations. The achieved inference speed indicates that the architecture maintains near real-time
performance while delivering reliable detection results. This capability suggests that the framework could be
integrated into vehicle-mounted inspection systems, autonomous driving perception pipelines, or large-scale
road monitoring platforms. Future research may explore further optimization strategies, such as lightweight
transformer architectures or domain adaptation techniques, to improve model generalization across different
geographical regions and road conditions.

7 Conclusion
This study presented TCR-RoadNet, a transformer-enhanced multi-task deep learning architecture

designed for real-time road damage detection and segmentation in complex driving environments. The pro-
posed framework integrates a multi-scale convolutional backbone with a Transformer Context Refinement
module to capture both local structural patterns and global contextual relationships in road surface imagery.
Additional architectural components, including the Decoupled Detection Head, Classification Refinement
Module, and Boundary-Aware Segmentation Head, were introduced to improve localization accuracy, class
discrimination, and segmentation quality. Experimental evaluation conducted on the RDD2022 dataset,
supplemented with additional road images collected under Kazakhstan driving conditions, demonstrated
that the proposed approach achieves reliable detection and segmentation performance across multiple
pavement defect categories. Quantitative results, including confusion matrix analysis, precision–recall
evaluation, and ablation studies, confirmed that each architectural component contributes to the overall
improvement of the system. The full TCR-RoadNet model achieved the highest performance in terms of
detection accuracy and segmentation consistency while maintaining near real-time inference speed, making
it suitable for deployment in practical road monitoring systems. Qualitative experiments in real-world
driving scenarios further illustrated the model’s ability to detect diverse road surface damages under varying
environmental conditions. Overall, the proposed framework provides an effective and scalable solution
for automated pavement inspection and has the potential to support intelligent transportation systems,
infrastructure maintenance planning, and advanced driver assistance applications.
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