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Abstract: Road distress inspection plays a critical role in pavement-condition assessment and maintenance planning. However,
existing studies often address detection, segmentation, or measurement separately, which limits their practical applicability. This
paper proposes an integrated deep learning—based framework for road distress detection, pixel-level segmentation, and
quantitative evaluation. First,an improved YOLOv7 detectoris developed by introducing SE attention, CARAFE -based content-
aware upsampling, and a Dynamic Head to enhance multi-scale feature representation and robustness under complex road
backgrounds. Second, a multi-scale encoder—decoder network termed MIResU-Net is designed to accurately extract crack and
pothole regions with improved structural continuity and boundary precision. Finally, a calibration-based measurement strategy
is employed to convert segmentation results into physically meaningful geometric parameters, such as crack length and pothole
area. A real-world road-distress dataset collected by a vehicle-mounted system is constructed for comprehensive evaluation.
Experimental results demonstrate that the proposed framework achieves superior detection and segmentation performance
compared with mainstream methods and provides metrically reliable quantitative indicators for pavement-condition assessment.
The proposed approach offers an effective and practical solution for intelligent road inspection.
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either detection or segmentation alone, and only limited

1. Introduction attention has been paid to the quantitative evaluation ofroad

Road distresses such as cracks and potholes are common distresses, which is important for maintenance planning [6].
defects that gradually develop during long-term road service In this work, an integrated framework for road distress
[1]. If they are not identified and repaired in time, minor detection, segmentatlon, and quantitative ev.aluatlon 18
surface damage may evolve into serious structural problems, presenteq. An lmproveq YOL0V7-ba.sed mlodel is err}ployed
leading to higher maintenance costs and potential safety risks. for multi-class road distress detection, with attention and
Therefore, efficient and reliable road distress inspection is an feature aggregation mechanisms introduced to improve
essential task in modem road maintenance. robustness under complex background conditions. To obtain

Conventional road inspection mainly relies on manual ﬁne-grainejd distress ) regions, a ) MIResU-Net-based
surveys or specialized inspection vehicles. Manual inspection segmentation network is further designed for cracks and
is time-consuming and strongly dependent on human potholes. Based on the segmentation results, geometric
experience, which makes it difficult to ensure consistency in parameters such as cra}ck . length and pothole area are
large-scale applications. Vehicle-mounted inspection systems calculat.ed to qupqrt obj ectl’ve assessment of road damage.
can provide accurate measurements, but their high cost and The main contributions of this study are as follows:
limited flexibility restrict widespread deployment. As an (1) An integrated framework  that jointly performs road-
alternative, image-based inspection using ordinary cameras distress detection, segmentation, and quantitative evaluation
has attracted interest due to its low cost and ease of is proposed for intelligent pavement inspection.
deployment. However, early image processing methods based (2) An improved YOLOvV7 and a multi-scale MIResU-Net
on handcrafted features are highly sensitive to illumination are developed to enhance multi-scale feature representation
changes, shadows, and surface noise, and their performance and structurally consistent distress extraction.
degrades significantly in real road environments [2]. (3) A calibration-based measurement method is introduced

Recent advances in deep leaming have improved the to provide physically meaningful pavement-condition
performance of vision-based road distress detection [3]. indicators from visual data.

Convolutional neural networks (CNNs) have been applied to
both detection and segmentation tasks, enabling automatic 2. Related work
identification of different distress types. Detection models

based on the YOLO series [4] offer high cfficiency, while ~ 2+1+ D€€P Learning-Based Road Distress

segmentation networks such as U-Net [5] can extract distress Detection

regions at the pixel level. Despite these improvements, With the rapid development of deep learning, data-driven
practical challenges remain. Road images collected in real approaches have significantly advanced road-distress
scenes often contain complex backgrounds and multi-scale detection compared with traditional image-processing
distresses, which makes small or irregular defects difficult to methods, owing to their superior feature-learning capability
detect reliably. In addition, many existing studies focus on and robustness to complex backgrounds.
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Early deep learning—based studies mainly relied on two-
stage detectors. The R-CNN framework proposed by Girshick
et al. [7] employed selective search for region proposal
generation and used a support vector machine (SVM) for
classification, together with non-maximum suppression and
bounding-box regression. Although it substantially improved
detection accuracy, its computational cost was high due to the
large number of candidate regions. To improve performance
for pavement inspection, Wang et al. [8] developed a Faster
R-CNN-based distress detection method and investigated
different backbone networks, where ResNet-152 achieved an
accuracy of 62.55% after data augmentation and parameter
optimization. Chen et al. [9] further introduced a Mask R-
CNN-based model with DenseNet as the backbone to
simultaneously  perform  detection and pixel-level
segmentation. However, the insufficient feature
representation for distress patterns and the imbalanced data
distribution still limited its performance.

To meet real-time inspection requirements, one-stage
regression-based detectors have been widely adopted. Yang et
al. [10] proposed an improved YOLOv3 for bridge crack
detection, in which adaptive illumination correction, k-
means++ anchorclustering, and the generalized loU loss were
introduced to improve robustness and localization accuracy,
achieving an average precision of 94.88%. Cao et al. [11]
conducted a comprehensive comparison of eight deep
learning models and showed that SSD provided a favorable
balance between accuracy and speed. Luo et al. [12] designed
an improved YOLOv4 using depthwise separable
convolutions, Focal loss, and transfer learning to address
multi-scale distress detection with limited samples. Feng et al.
[13] combined SSD and U-Net to jointly perform crack
classification and segmentation and further derived geometric
parameters from segmentation outputs. Rehana et al. [14]
adopted YOLOvS for fast detection of seven distress
categories, demonstrating the effectiveness of lightweight
one-stage detectors for pavement inspection.

To enhance feature representation under complex road
conditions, recent studies have incorporated attention
mechanisms and advanced feature-fusion strategies. Zhang et
al. [15] introduced a multi-level attention block into YOLOV3
to strengthen feature extraction and significantly improve the
detection accuracy of alligator cracks and diagonal cracks.
Wang et al. [16] integrated SE and coordinate attention
modulesinto YOLOvS and employed ensemble learning with
test-time augmentation to improve generalization. Wang et al.
[17] adopted Shuffle Attention and CARAFE upsampling to
enhance crack localization under varying illumination. Ma
[18] replaced the conventional detectionhead with a dynamic
head to improve scale, spatial, and task-aware feature
modeling. Yang et al. [19] incorporated pyramid squeeze
attention and large-field contextual feature integration to
capture multi-scale semantic information.

Despite these advances, most existing methods focus
primarily on detection and are limited in handling multiple
distress types with large scale variations and complex
morphology. Moreover, the quantitative assessment of
pavement damage is rarely considered in an integrated
framework.

2.2. Road Distress Segmentation and

Quantitative Analysis

Pixel-level segmentation provides more precise structural
information than bounding-box detection and is therefore
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essential for accurate distress measurement. U-Net and its
variants have been widely used in crack and pothole
segmentation due to their encoder—decoder architecture and
skip connections, which enable the fusion of low-level spatial
details and high-level semantic information. However, the
original U-Net was designed for medical images with
relatively simple backgrounds and often suffers from blurred
boundaries and missed thin structures when directly applied
to road scenes with complex textures and noise.

To improve segmentation performance, several studies
have explored multi-scale feature extraction and enhanced
feature-fusion strategies. The fusion of detection and
segmentation networks has also been investigated. Feng et al.
[13] combined SSD and U-Net to achieve crack classification
and precise segmentation and further computed crack length,
width, and area based on the segmentation results. This
demonstrates the potential of integrating visual recognition
with geometric measurement for pavement-condition
assessment.

For quantitative analysis, most existing approaches rely on
converting pixel-level segmentation results into physical
measurements using calibration-based scale transformation.
Crack width is typically estimated using geometric analysis
of the segmented contour, while crack length and pothole area
are computed from pixel statistics. However, such
quantitative evaluation is often treated as an independent
post-processing step rather than being incorporated into a
unified learning framework.

In summary, although deep learning-based detection and
segmentation methods have achieved promising results, an
integrated system that simultaneously performs robust multi-
scale detection, accurate pixel-level segmentation, and
physically meaningful distress quantification is still lacking.
This limitation motivates the development of the unified
framework proposed in this study.

3. Dataset and Problem Formulation

3.1. Dataset Description

To train and evaluate the proposed framework under real
road conditions, a dedicated road-damage dataset was
constructed using a vehicle-mounted image acquisition
system. Existing public datasets usually contain limited
distress categories and relatively simple backgrounds, which
cannot adequately reflect the complex disturbances in
practical road environments. Therefore, large-scale road
images were collected on urban roads in Baoding, China, and
a multi-class dataset with diverse noise interference was
established.

3.1.1.Image Acquisition System

The road images were acquired using a vehicle-mounted
inspection platform consisting of an industrial area-scan
camera and a detection vehicle. The camera was mounted on
a stabilized gimbal to ensure image quality during motion,
while the vehicle maintained an approximately constant speed
throughout data collection.

A Hikvision industrial camera (MV-CH120-10UC)
equipped with a Sony IMX304 sensor was used for image
acquisition, providing aresolution 0f4096 x 3000 at 23.1 fps
through a USB3 Vision interface. A 16-mm fixed-focus lens
(MVL-KF1628M-12MPE) was adopted. During acquisition,
the effective image resolution was set to 4000 x 2000.

The collected images contain complex real-world
disturbances, including uneven illumination, shadows, water



stains, and motion-induced variations. All image data were

stored and processed on an NVIDIA Jetson AGX Xavier

edge-computing platform. The vehicle-mounted image
acquisition system is shown in Fig. 1.

Figure 1. Vehicle-Mounted Image Acquisition System

3.1.2. Data Augmentation

To improve the robustness and generalization ability ofthe
detection and segmentation models, data augmentation was
applied to the collected images, as shown in Fig. 2.
Specifically, random brightness adjustment and horizontal
flipping were performed to simulate illumination variation
and viewpoint changes. These operations effectively
increased the diversity of the dataset and alleviated the

problem of insufficient samples for certain distress categories.

Original image Brightness-adjusted  Horizontally flipped

Figure 2. Data Augmentation

3.1.3.Image Preprocessing and Annotation
Since the proposed method is based on supervised learning,
accurate manual annotation is required. The original images

with a resolution of 4000 x 2000 were first cropped and
resized to 640 % 640 to meet the network input requirement
and reduce computational cost.

For the detection task, road-damage instances were
annotated using Labellmg [20] with rectangular bounding
boxes and corresponding category labels. The annotations
were stored in Pascal VOC XML format, including image
filename, image size, object category, and bounding-box
coordinates.

For the segmentation task, pixel-level annotations were
further provided for cracks and potholes to enable fine-
grained distress extraction and subsequent quantitative
analysis.

3.1.4. Damage Categories and Dataset Composition

The constructed dataset contains five types of road damage
and one repair category. The distress types include
longitudinal crack (D00), transverse crack (D10), alligator
crack (D20), pothole (D40), and block crack (D50). Due to
the limited number of pothole and block-crack samples in the
self-collected data, additional images from the RDD2022
China subset were incorporated [21]. The final dataset
consists of 4907 images, including 3219 images collected by
the vehicle-mounted system and 1688 images from RDD2022.
The distribution of each distress category is shown in Fig. 3.
The dataset was divided into a training set, validation set, and
test set with a ratio of 7: 2: 1, corresponding to 3435,981,and
491 images, respectively.

This dataset provides multi-class annotations for detection
and pixel-level labels for segmentation, enabling unified
evaluation of classification, localization, and quantitative
measurement of road distresses in complex real-world
scenarios.



DOO D10 D20
2885
3000 2412
2500
2000
1217
1500
1000
500
0
1 2 3

D40 D50 Repair

1257

721
IIIIIIII =
4 5

Figure 3. Distribution of distress categories

3.2. Problem Formulation

Based on the constructed dataset, the proposed framework
jointly addresses road-distress detection, pixel-level
segmentation, and quantitative evaluation. The detection task
is formulated as a multi-class object detection problem that
localizes each distress instance and predicts its category using
bounding boxes and class labels. The segmentation task
further refines distress regions by generating binary masks for
cracks and potholes to obtain accurate geometric morphology.
On this basis, quantitative assessment is performed by
computing geometric metrics, such as crack length and
pothole area, to measure distress severity. This unified
formulation establishes a direct mapping from visual
recognition to engineering-oriented condition evaluation for
road-maintenance applications.

4. Proposed Framework

4.1. Improved YOLOV7 for Road Distress
Detection

To address the challenges of scale variation, background
interference, and irregular morphology in road-distress
detection, an enhanced YOLOv7-based framework is
developed.

4.1.1. Baseline YOLOV7 Architecture

YOLOv7 (2022) [22] achieves a favorable balance
between detection accuracy and real-time performance,
reaching 56.8% AP on the MS COCO datasetat 30 FPS on an
NVIDIA V100 GPU. Owing to its high efficiency and strong
feature representation capability, itis adopted in this study as
the baseline detector for road-distress detection and further
optimized for the target task.

The YOLOv7 architecture follows a three-stage design
consisting of a backbone, a neck, and a detection head, as
illustrated in Fig. 4.
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Figure 4. Architecture of YOLOV7

The backbone is responsible for hierarchical feature
extraction and is mainly composed of CBS (Conv—
BatchNorm-SiLU) layers, ELAN (Efficient Layer
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Aggregation Network) modules, and MPConv (Multi-Path
Convolution) downsampling blocks. The ELAN module
adopts a multi-branch aggregation strategy to enhance



gradient flow and improve learning efficiency. By expanding
network depth while maintaining computational stability, it
enables the extraction of multi-scale and high-level semantic
features through feature transformation and channel-wise
concatenation. The MPConv module performs efficient
spatial downsampling via parallel paths that combine max-
pooling and convolutional operations, which reduces feature-
map resolution while preserving representative information
and enlarging the receptive field.

The neck integrates a Path Aggregation Feature Pyramid
Network (PAFPN) with the SPPCSPC module to achieve
multi-scale feature fusion. The SPPCSPC block introduces
multiple parallel max-pooling operations to capture richer
contextual information and enlarge the receptive field while
suppressing feature redundancy. The PAFPN structure
enhances bidirectional information flow through repeated
upsampling and downsampling, generating feature maps at
three different resolutions for detecting objects of various
scales. Compared with the backbone ELAN, the ELAN-2
structure in the neck employs denser branch connections to
further strengthen feature aggregation.

The YOLO head performs classification and bounding-box
regression on the fused multi-scale feature maps. It adopts an
anchor-based prediction mechanism and outputs objectness
score, category probability, and bounding-box offsets.
Following the decoupled-head design, the prediction is
implemented through 1x1 convolutions, enabling efficient
joint optimization of localization and classification tasks.

Through the above architecture, YOLOv7 provides a
strong baseline for accurate and real-time road-distress
detection. This baseline architecture serves as the foundation
for the subsequent improvements proposed in this study.

4.1.2. Feature Enhancement with SE Attention

Road images usually contain large amounts of background
interference, such as lane markings, shadows, water stains,
and surrounding objects, which may degrade the effectiveness
of multi-scale feature aggregation. To address this issue, a
squeeze-and-excitation (SE) [23] attention mechanism is
introduced to enhance the discriminative capability of fused
features.

In the proposed architecture, SE modules are inserted at
three feature-fusion nodes in the neck, i.e., two in the top—
down pathway before the Concat operations and one on the
SPPCSPC branch prior to feature aggregation. By performing
channel-wise recalibration immediately before multi-scale
feature fusion, the network adaptively emphasizes distress-
related responses while suppressing redundant background
information from different levels.

Given an input feature map U € , global spatial
information is first aggregated via global average pooling to
obtain a channel descriptor. Two fully connected layers are
then employed to model inter-channel dependencies and
generate channel attention weights, which are applied to the
original feature map through channel-wise multiplication to
produce a refined representation. Through this process,
channels corresponding to distress regions are strengthened,
whereas responses caused by pavement textures and
environmental noise are effectively reduced.

Placing SE at the fusion nodes brings two task-oriented
advantages for road-distress detection. First, it improves the
consistency of multi-scale feature aggregation by filtering out
irrelevant channel responses before feature concatenation.
Second, it enhances the representation of fine and low-
contrast distresses, such as thin cracks, whose features are
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easily overwhelmed by complex road backgrounds.

Since the SE module operates only along the channel
dimension, it introduces negligible computational overhead.
Therefore, the proposed fusion-aware channel attention
improves feature discrimination without affecting the real-
time performance of YOLOv7, making it suitable for vehicle-
mounted inspection scenarios.

This design is complementary to the CARAFE-based
content-aware upsampling and the Dynamic Head for
adaptive prediction, forming a progressive feature-refinement
pipeline for robust road-distress detection.

4.1.3. Multi-Scale Feature Aggregation with CARAFE

Road distresses exhibit significant scale variation and
strong dependence on fine-grained texture and structural
continuity. In conventional feature pyramid networks,
nearest-neighbor or bilinear interpolation is commonly used
for upsampling in the top—down pathway. However, these
fixed and content-agnostic operations only exploit local sub-
pixel information and are unable to adapt to the spatially
heterogeneous characteristics of distress regions, leading to
the loss of crack continuity and blurred boundary responses.
Although transposed convolution is learnable, its location-
invariant kernels limit its ability to model content-aware
feature reconstruction and may introduce checkerboard
artifacts. These limitations degrade the effectiveness of multi-
scale feature fusion for irregular and small-scale road
distresses.

To enable content-adaptive feature aggregation, the
CARAFE operator [24] is introduced into the neck to replace
the conventional upsampling module in the feature pyramid.
Different from interpolation-based methods, CARAFE
dynamically generates reassembly kernels according to the
local semantic context of the input feature map, allowing
large receptive-field information to be propagated to high-
resolution features with negligible computational overhead.

Given an input feature map y € RW*#*C and an
upsampling factor o, CARAFE first predicts position-
specific kernels and then performs content-aware feature
reassembly to obtain y' € ROW*9H*C — TFor each target
location I’ = (i’,j"), the reassembly kernel is generated from
the corresponding neighborhood centered at I = (i' /g, j'/0):

Wf’ = ll] (N (X{’ ’ kencoder)) (1)

Where ¥ denotes the kernel prediction function and
N(X,, kepcoqer) Tepresents the local region used to encode
contextual information. The predicted kernels are normalized
by softmax and used to perform weighted aggregation:

Xy= ¢(N(Xp kyp ) Wyr) = 25

P Wy (n,m) x
XCitn,j+m) 2)

Where r = [kup/ZJ.

By embedding CARAFE into the top—down pathway ofthe
feature pyramid, the proposed network achieves content-
aware multi-scale feature fusion. This design brings three
task-oriented benefits for road-distress detection:

(1) Enhanced structural continuity perception: Context-
aware reassembly preserves the connectivity of crack pattems
and reduces feature fragmentation.

(2) Improved small-distress sensitivity: High-level
semantic information is adaptively propagated to shallow
high-resolution features, strengthening the representation of
fine-scale defects.

(3) Shape-adaptive feature aggregation: Spatially variant



kernels enable better modeling of irregular distress regions
with diverse morphologies.

Consequently, the fused multi-scale features contain richer
texture and boundary information, which significantly
improves detection performance for road distresses with large
scale variation and complex geometric structures.

4.1.4. Dynamic Head for Robust Multi-Scale Detection
Road distresses exhibit large scale variation and irregular
spatial distribution, where small cracks and large-area defects
often appear simultaneously. In the original YOLOv7 head,
predictions are performed independently on each feature level,
which limits cross-scale interaction and weakens contextual
modeling. Such a scale-isolated strategy is insufficient for
road-distress detection that relies on the joint representation
of multi-level semantics and global structural information.
To address this issue, the Dynamic Head (DyHead) [25] is
introduced to replace the conventional detection head.
DyHead organizes multi-level features into a unified
representation and performs dynamic attention along the level,
spatial, and channel dimensions, enabling adaptive feature

Given the input tensor F € RE*S*C | dynamic aggregation
is formulated as

Fpue = ¢ (5(m, (P))) 3)

Where my,mg, and m: denote the level-, spatial-, and
channel-wise attention functions, respectively. Level-wise
attention models cross-scale dependencies, spatial-wise
attention enhances structurally continuous regions such as
cracks, and channel-wise attention performs task-aware
feature recalibration.

By integrating DyHead, the detection head becomes scale-
adaptive and context-aware, which improves the localization
of small and irregular distresses and enhances robustness
under complex road backgrounds.

4.1.5. Overall Detection Framework

The overall architecture of the proposed road-distress
detection network is illustrated in Fig. 5. Based on YOLOV7,
the framework is redesigned from three aspects, namely
feature extraction, multi-scale feature fusion, and dynamic
prediction, to improve the detection performance for
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Figure 5. Improved YOLOvV7 Network Architecture

First, to enhance the discriminative capability of the
backbone, the SE attention modules are inserted after the
SPPCSPC module and the convolutional layers at stages 54
and 66, which correspond to three feature-fusion nodesin the
neck,i.e., two located before the Concat operations in the top—
down pathway and one on the SPPCSPC branch prior to
feature aggregation. This design enables the network to
emphasize distress-related feature channels while suppressing
redundant background responses, which is particulady
beneficial for road scenes with strong texture interference.

Second, to improve the effectiveness of multi-scale feature
aggregation, the conventional upsampling operation in the
neck is replaced by the CARAFE operator. Through content-
aware feature reassembly with a large receptive field, high-
level semantic information can be adaptively propagated to
high-resolution feature maps. This strengthens the
representation of distresses with diverse sizes and irregular
shapesand alleviates missed detections and misclassifications

caused by insufficient feature fusion.

Finally, the original YOLOv7 detection head is replaced
with the Dynamic Head to enable scale-adaptive and context-
aware prediction. By modeling cross-level, spatial, and
channel-wise dependencies in a unified manner, the detection
head dynamically selects the most informative features for
each target, thereby improving the localization accuracy and
robustness for small and multi-scale distresses.

Through the above modifications, the proposed framework
forms a coherent feature-processing pipeline: channel-wise
feature recalibration in the backbone, content-adaptive multi-
scale fusion in the neck,and dynamic feature selection in the
head. This progressive refinement strategy significantly
enhances the network’s ability to perceive fine-grained
textures, preserve structural continuity, and handle large scale
variation in road-distress detection.
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4.2. Distress Segmentation and Quantification

While object detection provides efficient localization of
road distresses, bounding boxes are insufficient foraccurately
describing the spatial extent and geometric characteristics of
surface damage. Fine-grained segmentation is therefore
required to support quantitative analysis. In this study, a
segmentation and quantification moduleis designed to extract
crack and pothole regions at the pixel level and to derive

assessment.

4.2.1. MIResU-Net for Distress Segmentation
Road-distress segmentation is challenged by complex
background interference and large variationsin the scale and
morphology of distress regions. Directly applying the
conventional U-Net [26] often leads to blurred boundaries and
incomplete extraction of fine structures. To address these
issues, a multi-scale encoder—decoder network termed

meaningful geometric measurements for maintenance MIResU-Net is developed, as shown in Fig. 6.
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Figure 6. MIResU-Net network architecture

The proposed network follows a five-stage encoder—
decoderarchitecture and enhances feature learning from three
aspects.

First, the standard convolutions in the encoderare replaced
by an M-Inception module, which employs parallel
convolutional branches with different receptive fields. This
multi-scale design enables the network to capture both global
contextual information and local structural details of
distresses while controlling the parameter size through 1 X 1
convolutions.

Second, the original skip connections are replaced by
Respath modules to reduce the semantic gap between encoder
and decoder features. By progressively refining shallow
features before fusion, Respath improves boundary
preservation and enhances the segmentation of thin and low-
contrast distresses.

Third, a multi-scale decoding module is introduced to
reconstruct  high-resolution feature maps. Parallel
convolutions with different kernel sizes are used to aggregate
contextual information at multiple scales, which improves
structural continuity and detail recovery in the final
segmentation.

Considering the severe class imbalance between distress
and background pixels, the weighted binary cross-entropy
(WCE) loss is adopted to increase the penalty on false
negatives and reduce missed detections of small distress
regions.

Through multi-scale feature extraction, semantic-
consistent feature fusion, and multi-scale reconstruction,
MIResU-Net achieves more accurate and complete pixel-
level segmentation of road distresses under complex road
conditions.
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4.2.2. Segmentation Output and Post-Processing

The output of MIResU-Net is a pixel-wise probability map
indicating the likelihood ofeach pixel belonging to a distress
region. A threshold operation is first applied to obtain the
binary segmentation result.

To further improve the structural integrity and
measurement reliability of the segmented distresses, several
post-processing steps are performed. First, small isolated
regions caused by noise are removed using connected-
component analysis to suppress false positives in complex
road backgrounds. Second, morphological operations are
applied to fill small holes and smooth the boundaries, which
enhances the continuity of crack structures. Finally, each
connected distress region is labeled to enable subsequent
quantitative analysis.

Based on the refined segmentation results, geometric
attributes of distresses, such as area, length, and width, can be
calculated at the pixel level. These quantitative indicators
provide essential support for road-condition assessment and
maintenance decision-making.

4.2.3. Quantitative Evaluation of Road Distresses

The objective of distress segmentation is to enable
quantitative assessment of pavement damage, thereby
providing reliable data support for road-condition evaluation
and maintenance decision-making. Based on the pixel-level
binary masks generated by MIResU-Net, the geometric
parameters of different distress types are calculated through a
calibration-based measurement strategy.

(1) Pixel-to-real-world calibration

To establish the mapping between image pixels and actual
physical dimensions, a calibration object with a known length
is captured using the same acquisition system as the road



images. Let M denote the real length (mm) of the calibration
object and m the corresponding pixel length in the image.
The pixel-to-length conversion factor k is defined as

M

- )

In this study, a calibration object of 100 mm correspondsto
113 pixelsin theimage, yielding a scale factor of k = 0.8850
mm/pixel. This ensures consistent measurement accuracy
under fixed imaging conditions.

(2) Quantification of linear cracks

For linear distresses, including longitudinal and transverse
cracks, both length and width are measured. The crack width
is estimated by computing the diameter of the maximum
inscribed circle within the segmented crack region. This
operation is performed using contour analysis, which
providesthe pixel width w. The corresponding real width W
is calculated as

W=k-w (5)

The crack length isderived from the ratio between the total
number of crack pixels n and the crack width:

= 6)

Where [ is the crack length in pixels. The real crack length
L is then obtained by

S E

L=k-! %)

(3) Quantification of potholes and alligator cracks

For area-type distresses, such as potholes and alligator
cracks, the quantitative indicator is the actual area. Let s
denote the total number of pixels in the segmented distress
region. The real area S is computed as.

S =k?s ®)
Where k? represents the pixel-to-area conversion factor.
(4) Quantitative evaluation pipeline
The complete quantification process consists of three

stages. First, the improved YOLOv7 model is used to identify

the distress category. Second, MIResU-Net generates the

pixel-level segmentation of the detected distress. Finally, the
geometric parameters are calculated using the above
measurement formulas.

Through this pipeline, the actual length, width, and area of
different distress types can be obtained. These quantitative
indicators provide a direct basis for pavement condition
assessment and maintenance planning.

5. Experiments and Results
5.1. Experimental Setup

All experiments were conducted on a workstation equipped
with an Intel Xeon Platinum 8352V CPU, 120 GB RAM, and
an NVIDIA RTX 4090 GPU. The proposed framework was
implemented in PyTorch.

For the detection task, the dataset was divided into training,
validation, and test sets with a ratio of 7:2:1. The model was
trained for 300 epochsusing stochastic gradient descent with
a momentum of 0.937 and a weight decay of 0.0005. The
initial learning rate was set to 0.01 and the batch size was 16.

For the segmentation task, pixel-level annotations were
used to train the network for 300 epochs with the Adam
optimizer and a batch size of 8.

Detection performance was evaluated using Precision,
Recall, and mAP@0.5, while segmentation performance was
assessed using PA, IoU, and MIoU.

5.2. Road Distress Detection Results

5.2.1. Effect of Attention Mechanisms

To determine the most suitable attention strategy for road-
distress detection, SE, CBAM, and BiFormer were embedded
into YOLOv7 for comparison. As shown in Table 1, all
attention mechanisms improve detection performance
compared with the baseline. Among them, the SE module
achieves the best balance between accuracy and
computational cost, yielding the highest mAP with only a
marginal increase in model complexity. In contrast, BiFormer
significantly increases computational overhead without
providing comparable accuracy gains. Therefore, SE was
selected as the channel-attention module in the proposed
detector.

Table 1. Detection performance of YOLOvV7 variants on the test set

Method P (%) R (%) MAP, 5(%) MAPy 5.0 95(%) GFLOPs SizeMB
YOLOv7 85.70 81.28 84.56 60.45 99.0 70.9
YOLOV7-BiF 87.19 80.05 85.78 60.84 145.2 77.7
YOLOvV7-CBAM 87.46 80.90 85.29 61.22 101.4 74.6
YOLOV7-SE 87.72 81.62 86.16 61.19 101.3 74.3

5.2.2. Ablation Study

To evaluate the contribution ofeach proposed component,
ablation experiments were conducted by progressively
introducing SE, CARAFE, and DyHead.

The results in Table 2 show that each module consistently
improves the detection performance. SE enhances feature
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discrimination, CARAFE strengthens semantic propagation
in the feature pyramid, and DyHead improves the detection of
small-scale distresses. When all modules are combined, the
proposed model achieves the highest Precision, Recall, and
mAP, demonstrating the complementarity of the three
components.



Table 2. Ablation Study

R (%)
81.28
81.62
80.70
81.85
80.90
81.66

mAP, 5 (%)
84.56
86.16
85.22
86.14
85.90
86.75

GFLOPs
99.0
101.3
101.2
102.4
103.5
103.7

SizeMB
70.9
74.3
74.2
73.3
74.5
74.7

Configuration P (%)
YOLOvV7 85.70
YOLOv7 SE 87.72
YOLOvV7 CARAFE 87.80
YOLOvV7 DyHead 86.31
YOLOv7 SE CARAFE 87.80
YOLOvV7 SE CARAFE DyHead 88.60
5.2.3. Comparison with State-of-the-Art Detectors
Table 3. Comparison with state-of-the-art methods
Method P (%) | R(%) mAPy5 (%) GFLOPs
Faster R-CNN 82.75 78.47 81.90 118.4
SSD 7822 | 73.10 77.44 225
YOLOVS5s 80.80 = 74.30 80.52 15.8
YOLOvV7 85.70 = 81.48 84.56 99.0
Ours 88.60 81.66 86.75 103.7

The proposed detector was further compared with Faster R-
CNN, SSD, YOLOvS5s, and YOLOv7. As reported in Table 3,

the proposed method achieves the best overall detection
accuracy while maintaining moderate computational
complexity.
5.2.4. Qualitative Analysis

The visual detection results are presented in Table 4. The
proposed method shows superior performance in detecting
small potholes, preserving crack continuity, and reducing
missed detections under complex illumination and shadow
interference. In contrast, the baseline YOLOv7 suffers from
incomplete detection and false negatives in challenging
scenarios.

Table 4. Ablation study for each class

P (%)
YOLOv7 Ours
Longitudinal crack 82.2 84.1
Transverse crack 82.8 88.7
Alligator crack 80.8 90.1
Pothole 92.5 92.9
Block crack 94.4 95.8
Repair 80.5 81.2

5.3. Road Distress Segmentation Results

5.3.1. Ablation Study of MIResU-Net

To verify the effectiveness of each architectural
improvement, ablation experiments were conducted on the
segmentation network. As shown in Table 5, each component
contributes to the performance gain. The M-Inception module
enhances multi-scale feature perception, the Respath
connection reduces the semantic gap between encoder and
decoder features, and the multi-scale decoding module
improves structural recovery. The weighted loss further
increases the sensitivity to small distress regions. With all
modules integrated, MIResU-Net achieves the highest PA,
ToU, and MIoU.

Table 5. Ablation study of MIResU-Net

Method PA (%) ToU (%) MioU (%)
U-Net 85.09 77.82 76.00
MIU-Net 86.63 78.69 77.84
RU-Net 86.50 78.60 76.81
MU-Net 86.54 78.04 77.12
WU-Net 85.98 78.33 76.90
MIResU-Net 87.24 80.92 78.34

5.3.2. Comparison with Mainstream Segmentation
Networks
The proposed method was compared with U-Net, FCN,

R (%) mAPy 5 (%)
YOLOv7 Ours YOLOv7 Ours
81.9 82.7 84.6 86.8
79.9 80.6 84.6 86.0
69.6 71.0 74.0 85.1
91.2 91.3 92.4 92.9
88.9 88.9 88.7 93.1
77.3 78.2 83.1 82.1

SegNet, and ResUNet. The quantitative results in Table 6
show that MIResU-Net outperforms all comparison methods
in all evaluation metrics. The qualitative segmentationresults
in Fig. 7 demonstrate that MIResU-Net produces more
continuous crack structures, clearer pothole boundaries, and
stronger robustness against complex backgrounds.

Table 6. Comparison with mainstream segmentation methods

method PA (%) IoU (%) MioU (%)
U-Net 85.09 77.82 76.00
FCN 83.02 75.77 74.94
SegNet 84.41 76.50 75.72
ResUNet 86.06 78.26 77.00
MIResU-Net 87.24 80.92 78.34
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Figure 7. Visual comparison of segmentation results

5.4. Quantitative Evaluation Results

To obtain physically meaningful pavement-condition
indicators, a calibration-based measurement was conducted to
convert the segmentation outputs into real-world geometric
parameters. A calibration object with a known length of 100
mm corresponded to 113 pixels in the image, resulting in a
scale factor of 0.8850 mm/pixel. This scale factor enables
reliable transformation from pixel-level measurements to
actual dimensions.

For linear cracks, the width was estimated using the
maximum inscribed circle of the segmented crack contour, as
shown in Fig. 8. The crack length was then derived from the
total number of crack pixels and the estimated width. The
quantitative results for a representative longitudinal crack are
summarized in Table 7, where the measured crack width and
length are 2.93 mm and 456.14 mm, respectively.

For area-type distresses such as potholes, the actual area
was calculated by counting the foreground pixels in the
segmented region. A pothole containing 2433 pixels
corresponds to a real area of 1905.59 mm?. These results
demonstrate that the proposed framework can provide
metrically reliable and physically interpretable distress
measurements for pavement-condition assessment.
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Figure 8. Visualization of crack-width estimation in pixels

Table 7. Quantitative evaluation of road distresses

Distress Pixel Pixel Pixel Dvlvsit(;teli s ]:I;triis
type count = width length (mm) ( mr%l )
D00 1706 3.31 515.41 2.93 456.14

5.5. Discussion

The experimental results demonstrate that the proposed
framework achieves consistent performance improvements
across detection, segmentation, and quantification. For
detection, the combination of SE, CARAFE, and DyHead
enhances multi-scale feature representation with limited
computational overhead. For segmentation, MIResU-Net
improves semantic consistency and enables accurate
extraction of thin and irregular distresses. For quantification,
the calibration-based measurement converts segmentation
outputs into physically interpretable parameters for
pavement-condition assessment. Although the model
introduces slightly higher complexity, future work will focus
on model compression and real-time deployment on edge
devices.

6. Conclusion

This study presents an integrated deep learning-based
framework for road-distress detection, segmentation, and
quantitative evaluation. An improved YOLOv7 model is
developed for robust distress detection under complex road
conditions, and MIResU-Net is introduced to extract crack
and pothole regions at the pixel level. Based on the
segmentation results, geometric parameters such as crack
length and pothole area are further computed to enable
objective pavement-condition assessment.

Experimental results on real-world road images
demonstrate that the proposed framework achieves superior
detection and segmentation performance and provides
physically meaningful quantitative information for road-
maintenance applications. Future work will focus on
extending the framework to more distress categories and
improving computational efficiency for large-scale and real-
time deployment.
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