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Abstract: Concrete bridge crack detection plays a critical role in intelligent infrastructure inspection and
structural safety assessment. However, existing automated approaches still face significant challenges, including the
high miss rate of fine cracks, strong interference from complex backgrounds, and insufficient boundary delineation
accuracy.

To address these limitations, this study proposes a novel two-stage collaborative detection—segmentation framework
that integrates an enhanced YOLOv11 detector with a dual-branch DualUNet architecture. The framework follows a
“coarse localization—guided fine segmentation” strategy. In the detection stage, YOLOv11 is improved by
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incorporating a P2 high-resolution feature layer and a C2PSA attention module, enabling accurate localization of fine
cracks while effectively suppressing background noise and generating reliable region-of-interest (Rol) priors.

In the segmentation stage, a dual-branch DualUNet with a shared ResNet34 encoder is developed. The global branch
captures contextual semantic information from the full image, whereas the Rol branch refines local crack features by
integrating detection priors with a Multi-Scale Squeeze-and-Excitation (MSSE) module. This design enhances the
representation of fine structural details and mitigates the limitations of single-stage segmentation methods.

To address the severe class imbalance caused by sparse crack pixels, a hybrid loss function combining weighted
binary cross-entropy and Dice loss is adopted. Additionally, a boundary supervision mechanism is introduced to
improve contour accuracy.

Experimental results on the Crack500 dataset demonstrate that the proposed framework achieves superior
performance, with recall and precision reaching 0.79 and 0.75, respectively. Compared with baseline models, the
proposed method improves Boundary loU by 26%, indicating significantly enhanced edge delineation. Visual results
further confirm that the method effectively suppresses background interference while preserving crack continuity,
making it suitable for practical bridge inspection applications.

Keywords: Concrete crack detection; Bridge inspection; YOLOv11; Dual U-Net; Attention mechanism;
Boundary segmentation.
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1. Introduction

As a
infrastructure, bridges are subjected to multiple long-

vital component of transportation
term effects, including vehicular loads, temperature
fluctuations, and environmental erosion, leading to a
progressive degradation in their structural performance
over their service life. Cracks are the most prevalent
form of surface damage in concrete bridges, diminishing
the effective load-bearing area of the cross-section and
providing infiltration channels for external moisture and
corrosive media. This phenomenon accelerates the
corrosion of internal steel reinforcement and causes the
spalling of the concrete cover, thereby posing a severe
threat to the overall safety and durability of the structure.
Consequently, the accurate and timely detection and
identification of bridge cracks serve as a crucial
technical prerequisite for ensuring structural integrity
and prolonging service life.

Traditional bridge crack detection primarily relies on
close-range manual visual inspections, supplemented by
instruments such as crack width gauges for observation
and documentation [1][2]. However, this methodology
exhibits
constraints restrict access to critical inspection zones,

significant limitations. Firstly, spatial
such as bridge pylons, high piers, and girder soffits,
making it exceedingly difficult for inspection personnel
to reach them. This often leads to inspection blind spots,
where personnel may easily overlook underlying
hazards. Secondly, manual inspection is inherently
inefficient, rendering the comprehensive examination of
large-span and multi-span bridges both time-consuming
and labor-intensive. Furthermore, the quality and
reliability of the inspection outcomes depend heavily on
the subjective expertise of the personnel, resulting in
poor reproducibility. As a result, traditional methods are
increasingly inadequate for meeting the high-frequency,
standardized maintenance requirements of modern,
large-scale infrastructure networks, which necessitate
more efficient and objective inspection techniques to
ensure safety and reliability [3].

With the rapid development of computer vision and
deep learning technologies, convolutional neural
networks (CNNs) have been widely introduced into
automatic concrete crack detection and pixel-level

segmentation tasks [4-7]. Within the technical trajectory

of object detection, single-stage detection algorithms,
prominently represented by the YOLO series, have
garnered considerable attention due to their excellent
balance between speed and accuracy [8]. For example,
YOLOVS8 uses an anchor-free detection head and a task-
aligned sample assignment strategy to make it easier to
find targets that are not perfectly shaped, like long cracks
[9]. Building upon this foundation, numerous studies
have applied improved YOLOvVS models to crack
detection in bridges and concrete structures [10-12].
Examples include integrating a Bidirectional Feature
Pyramid Network (BiFPN) into the neck to enhance
multi-scale crack feature fusion capabilities [11, 12] or
incorporating coordinate attention mechanisms into the
backbone network to improve the representation of
minute defects [13, 14]. These works have demonstrated
the critical value of multi-scale feature fusion and
coordinate attention mechanisms for small-object
perception in tasks involving bridge cracks, concrete
surface defects, and other engineering small-object
detection applications. Furthermore, while continuing
the anchor-free architecture, YOLOv11 introduces
modules such as C2PSA [15]. The YOLOv11-KW-TA-
FP model proposed by Song et al. [16] effectively
improves detection precision and recall through the
introduction of dynamic convolutions and a triplet
attention mechanism. Similarly, the MEP-YOLOv11
model constructed by Zhang et al. [17] significantly
enhances the localization capability for slender cracks
and the accuracy of edge perception by introducing the
C3K2-MSEIE
enhancement module and a P2 small object detection

multi-scale edge information
layer. Gao et al. [18] substantially improved localization
accuracy while maintaining high inference speeds by
integrating the C3K2-SG module into the YOLOv11
backbone, replacing SPPF with FPSConv in the neck,
and designing an Inner MPDIoU bounding box
regression loss.

In the trajectory of semantic segmentation, the
encoder-decoder architecture, represented by U-Net,
possesses natural advantages in fine boundary
reconstruction and has emerged as the mainstream
baseline architecture for pixel-level crack segmentation
tasks [19]. To further elevate performance, the Feature
Pyramid Hierarchical Boosting Network (FPHBN)

proposed by Yang et al. [20] emphasizes hard-example
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crack regions through a hierarchical sample re-
weighting mechanism, thereby improving pixel-level
crack detection performance. The literature [21] also
(dilated)
convolution modules with multiple dilation rates into the

documents the introduction of atrous
U-Net encoder; this significantly enlarges the receptive
field while maintaining feature map resolution, thereby
strengthening the connectivity modeling capability for
slender cracks. In recent years, the self-attention
mechanism of Transformers has also been introduced
into the field of crack segmentation to model long-range
dependencies and global contexts within high-resolution
images, thereby improving the continuity representation
at the terminal ends of minute cracks [22, 23]. For
example, CAFANet [24] utilizes a cross-attention
feature alignment module to establish pixel-level
correlations, effectively enhancing the boundary
integrity of pavement cracks.

In segmentation models utilizing full-image inputs,
the uniform scaling process further degrades minute
crack regions, making it difficult for the decoder to
accurately reconstruct crack boundaries. Furthermore, in
typical crack datasets, the proportion of crack pixels is
frequently below 1:100 [25]. If an unweighted cross-
entropy loss is applied, the network is highly susceptible
to converging on a local optimum where all pixels are
predicted as background. To address this class
imbalance, existing studies [26, 27] have proposed
various improvement strategies. For instance, some
works explicitly increase the weight of hard-to-classify
samples using focal loss to suppress the training bias
dominated by negative samples. Numerous crack
segmentation studies [28, 29] have demonstrated that a
linear combination of binary cross-entropy (BCE) and
Dice loss functions effectively alleviates the pixel
sparsity issue on datasets such as Crack500, balancing
the overall intersection over union (IoU) with boundary
quality. Additionally, architectures like the IoU
Adaptive Deformable R-CNN [30] dynamically adjust
sample weights based on the loU between predicted and
ground-truth bounding boxes, significantly enhancing
detection accuracy against complex backgrounds. This
adaptive weighting philosophy is equally applicable to
pixel-level crack prediction to mitigate the interference
of low-quality predictions. Overall, while existing
research predominantly improves detection capabilities

through multi-scale fusion and attention mechanisms,

the inadequate delineation of crack boundaries remains

a persistent challenge, particularly in distinguishing

between actual cracks and noise in the data.

The aforementioned challenges indicate that a
singular detection or segmentation paradigm cannot
simultaneously fulfill the dual engineering requirements
of precise small-object localization and fine pixel-level
segmentation for bridge crack detection. Consequently,
two-stage  collaborative  frameworks integrating
"detection and segmentation" have emerged as a focal
point of research. Mask R-CNN, proposed by He et al.
[31], first realized the collaborative output of bounding
box detection and pixel-level mask prediction; its
RolAlign mechanism established the foundational logic
of "first locating the Region of Interest (Rol), then
executing fine segmentation." Other investigations [32]
have utilized the bounding box outputs from single-stage
detectors (e.g., the YOLO series) as spatial priors for
subsequent segmentation networks (e.g., U-Net or
DeepLab). This approach achieves a synergy between
rapid coarse localization and local fine segmentation
through a two-stage "crop—segment—restore" pipeline.
However, most existing methodologies train these two
models independently, which suffers from a lack of end-
to-end information interaction. Furthermore, the
segmentation branch frequently lacks targeted feature
enhancement designs for the Rol, failing to fully exploit
the complementary advantages of full-image semantic
constraints and local detailed features.

To address the aforementioned limitations, this paper
proposes a two-stage framework for the fine-grained
recognition of bridge cracks, driven by the collaborative
integration of an improved YOLOv11 and a dual-branch
DualUNet. The primary contributions of this work are
summarized as follows:

1. To address the challenge of missed detections of
elongated cracks from a full-image perspective, we
construct a customized YOLOvVI1 localization

network tailored for extremely fine cracks. Building

upon the utilization of the P2 high-resolution

detection layer to preserve shallow local features, a

C2PSA attention module is further integrated into

both the backbone network and the feature fusion

layer. This architectural design effectively mitigates
interference  from deck

complex  bridge
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backgrounds, significantly enhances the localization
stability for minute cracks, and provides a highly
accurate spatial Region of Interest (Rol) before
subsequent fine-grained segmentation.
2. A DualUNet
segmentation architecture is designed to construct a

dual-branch collaborative
global-image branch and a local-detail Rol branch
utilizing a shared ResNet34 encoder. By fully
exploiting the Region of Interest (Rol) generated by
the detector as a spatial prior, this framework
enables the segmentation network to perform high-
resolution, fine-grained segmentation within local
regions while simultaneously preserving global
contextual constraints.

3. A Multi-Scale Squeeze-and-Excitation (MSSE)
module is proposed to enhance directional features.
Addressing the physical characteristics of cracks,
specifically their narrow, elongated morphology and
highly variable topologies, this module extracts
multi-scale texture information via parallel 3x3,
1x7, and 7x1 directional convolutions. By coupling
the MSSE module with a Squeeze-and-Excitation
(SE) channel attention mechanism for adaptive
feature recalibration, the network's sensitivity to the
edges and width variations of slender cracks is
significantly augmented.

This study systematically validates the proposed
method on the public Crack500 dataset, employing a
comprehensive evaluation suite comprising five metrics:
precision, recall, Dice coefficient, intersection over
union (IoU), and boundary IoU. Notably, the Boundary
IoU metric is specifically utilized to quantify the pixel-
level precision of the crack boundaries. Experimental
results demonstrate that the two-stage collaborative
framework  achieves  superior  comprehensive
performance across all metrics compared to standalone
detection or segmentation methods. This substantiates
the efficacy of the paradigm "customized detection and
localization guiding fine-grained segmentation," thereby
providing novel technical support for the intelligent
perception and evaluation of surface defects in bridge

structures.

2. Methods

2.1.Overall Framework

The core design rationale of the overall framework
is to organically integrate the rapid, coarse localization
capabilities of object detection with the fine, pixel-level
descriptive power of semantic segmentation via a
structured information transfer mechanism. This
integration establishes a collaborative inference pipeline
characterized by "macroscopic localization guiding
local fine-grained segmentation." In the first stage, a
customized YOLOvV11 crack detector rapidly localizes
crack regions at the full-image scale, outputting the
bounding box coordinates for the Regions of Interest
(Rols). In the second stage, the dual-branch DualUNet
segmentation network utilizes both the full image and
the extracted Rols as dual inputs. By employing a shared
encoder and specialized enhancement modules, it
achieves a synergy between global semantic perception
and local detailed segmentation. Finally, an adaptive
probability fusion module conducts a weighted fusion of
the probability maps generated by the two branches,
yielding the ultimate pixel-level crack mask following
post-processing. The overall framework is illustrated in
Figure 1.
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Figure 1. The overall framework of the proposed
method

2.2.Improved YOLOvV11 Crack Detector

Building upon the anchor-free architecture of
YOLOvVS, YOLOvI11 incorporates the C2PSA (Cross-
Stage Partial with Position-Sensitive Attention) module
[14] and adopts Task-Aligned Learning (TAL) to
replace the traditional Intersection over Union (IoU)-
based positive and negative sample assignment
mechanism. This adaptation allows the bounding box
regression to better accommodate scenarios involving
small, irregularly shaped crack targets. The standard
YOLOvVI11 Feature Pyramid Network (FPN) outputs at
the P3, P4, and P5 levels (corresponding to down-
sampling rates of 1/8, 1/16, and 1/32 of the original
image, respectively). However, the receptive field of P3,
the highest-resolution feature map, remains relatively
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large, creating a pronounced perceptive blind spot for
small targets such as fine, thread-like cracks that are
merely a few pixels wide. To explicitly address the
characteristics of bridge cracks, which are elongated,
exceptionally narrow, and heavily intermingled with
concrete textures, targeted structural modifications are
introduced to YOLOvVI11 through both detection-layer
expansion and attention enhancement. The specific
architecture is illustrated in Figure 2.

Backbone Neck (PA-FPN)
Detection | pspm [ Coarse-scale
[ PS_pan | Head | | Detection Output

(“concat(Neck P5) )
Comatride-)

P5(1/32)

Detection
Head

ae)
Detection
Head
(e
ccccc t(Neck P3)
Comotrig

P2_neck (Specialized
for Tiny Cracks)

P4(1/16)

P3(1/8)

P2_neck
‘Top-Down FPN

i

Bottom-Up PAN

Figure 2. YOLOv11 P2-Enhanced Crack Detection
Network Architecture
2.2.1.  The P2 Small Object Detection Layer

To enhance the model's perceptual capacity for
ultra-fine cracks, a P2 detection layer is integrated into
the standard YOLOvll Feature Pyramid Network
(FPN) architecture[14], expanding the detection scales
from the original three-scale configuration (P3/P4/P5) to
a four-scale configuration (P2/P3/P4/P5). The P2 layer
corresponds to a 1/4 down-sampling rate of the original

: C . . H
image, yielding a feature map dimension of Cp, X 7 X

%. Compared to P3, it preserves richer shallow

details
information, thereby equipping the network with the

geometric and high-frequency texture
foundational resolution necessary to effectively respond
to crack targets as narrow as approximately 4 pixels.

In the top-down feature fusion pathway, the P2
features are generated by concatenating and fusing the
unsampled features from the higher P3 layer with the
shallow, high-resolution output from the second stage of
the backbone network. This process can be expressed as
follows:

Fpa = Convys(Up(Fp3) @ Fypen) (D

Up(:) denotes the upsampling operator, @
represents the channel concatenation operation, and
Fiager signifies the high-resolution features extracted

from the second stage of the backbone network. By

PANet
architecture

adopting the design philosophy of the

bidirectional feature pyramid, this
systematically covers the perceptive blind spots for
small targets inherent in the standard three-scale FPN
without significantly increasing inference latency.
Consequently, it provides denser feature support for

fine-grained crack regions.

2.2.2. Attention Mechanism Enhancement: C2PSA

Channel Attention Module

Fundamentally, C2PSA is a channel attention

mechanism integrated with positional encoding.
Tailored for scenarios characterized by complex
concrete surface textures and substantial noise, this
mechanism  effectively  suppresses  background
responses irrelevant to cracks and amplifies the
activation intensity of channels corresponding to the
fine-line structures of the cracks. Consequently, it
elevates detection accuracy while effectively mitigating
the false positive rate. To operate in synergy with the P2
small-target detection layer, the C2PSA module is
deployed simultaneously within the deep feature
extraction stage of the backbone network and at the
feature fusion node of the P2 detection layer, thereby
bolstering the network's discriminative response to
critical crack regions.

F e REFXW | the

C2PSA module achieves feature recalibration by

For an input feature map

incorporating a positional encoding, denoted as PE,
alongside a channel squeeze-and-excitation structure.
This process can be formalized as follows:
Fu« = Attention(F 4+ PE) © o(Ws.GAP(F))  (2)
GAP(-) represents Global Average Pooling, o(-)
denotes the Sigmoid activation function, W, indicates
the linear transformation weights for the channel
Squeeze-and-Excitation, and (Osignifies element-wise
multiplication. The first term models inter-channel
correlations and spatial positional context via position-
sensitive multi-head attention. In contrast, the second
term achieves adaptive recalibration of channel
importance through the SE (Squeeze-and-Excitation)
mechanism. Consequently, the improved YOLOvI11
detector provides a spatial prior with higher confidence
and superior localization precision for the subsequent

Rol branch.

2.3.Dual-Branch DualUNet Segmentation Network
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As the regions further degrade, it becomes
increasingly difficult for the decoder to precisely
reconstruct boundaries from abstract features.
Concurrently, there exists an extreme quantitative
imbalance between crack pixels and background pixels,
with a ratio of approximately 1:100. To process such
severely imbalanced data while simultaneously
accommodating full-image macroscopic semantics and
Rol-level local high-resolution features, a DualUNet
segmentation network comprising a shared UNet
encoder and an Rol post-processing head is
constructed[31].

As illustrated in Figure 3, the core architecture of
DualUNet is implemented based on the UNet from the
segmentation_models pytorch library. The encoder
utilizes a pre-trained ResNet34 initialized with large-
scale pre-trained weights from ImageNet. This strategy
transfers rich, general visual priors to the crack
segmentation task, effectively mitigating the risk of
overfitting on medium-scale datasets such as Crack500.
The global-image branch takes the original bridge
image, scaled to 256%256, as input. Through the shared
UNet backbone, it directly outputs a full-image scale
crack logit map, which is subsequently processed via a

sigmoid function to generate the crack probability map.

at Baribae

Figure 3. DualUNet Segmentation Structure

2.3.1.
The Rol branch utilizes the bounding boxes

Rol Branch and Coordinate Mapping

generated by the improved first-stage YOLOv11
detector as spatial priors, extracting the corresponding
Rol patches from the original image and uniformly
resizing them to 256x256 via bilinear interpolation prior
These Rol
subsequently processed through the identical shared U-

to network ingestion. images are
Net backbone utilized by the global-image branch,
yielding Rol-scale crack logit maps. These maps

undergo further post-processing and enhancement

within the Rol Head module, ultimately producing the
final Rol-scale crack probability maps:

PRro; € [0,1]HRorWRor 3)

Utilizing the bounding box coordinates and the
scaling factor, Py, is projected back into the full-image
space via inverse coordinate mapping, yielding an Rol
probability map with dimensions identical to the original
image:

Pror € [0,1]7%" )

Regions not covered by any Region of Interest
(Rol) are assigned a probability of zero, while the pixel-
wise maximum value is retained for areas where
multiple Rols overlap. This strategy not only ensures the
high-resolution characterization of local regions by the
Rol branch but also achieves consistent alignment with
the probability map of the global-image branch at the
full-image scale.

2.3.2.  Rol Head Module

To mitigate the discrepancies in statistical
distribution and semantic granularity between the
features generated by the shared encoder and the local
structures of the Region of Interest (Rol), the Rol Head
performs an initial local semantic refinement on the
encoded Rol features. The Rol Head is constructed by
cascading two convolutional blocks, where each layer
comprises a 3x3 convolution and a ReLU. The single-

layer update process can be formulated as:
Fot = Frot + Conv,es (BN(ReLU(Fro)) (5

Two such consecutive residual convolutional
blocks
discriminative local semantic representation before their

endow the Rol features with a more
input into the MSSE module. This refinement is
instrumental in ensuring that the subsequent multi-scale
directional convolutions and channel recalibration

mechanisms achieve optimal efficacy.

Multi-Scale Squeeze-and-Excitation (MSSE)
Module

Designed specifically for the enhancement of local crack

2.3.3.

features within the Rol branch, the Multi-Scale Squeeze-
Excitation (MSSE) module[32] in the
geometric priors of crack targets: cracks propagate along

is rooted

specific trajectories, exhibit varying texture widths
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across different observation scales, and possess
pronounced asymmetrical structural characteristics in
both horizontal and vertical directions. Traditional 3x3
convolutions exhibit relatively inadequate directional
selectivity,  rendering them  ill-equipped to
simultaneously capture the manifestations of slender
cracks across diverse orientations. Consequently, the
MSSE module introduces three parallel branches of
multi-scale directional convolutions to the Rol feature,
FRo; generated by the shared encoder. These branches
consist of a standard 3x3 convolution, a 1x7 horizontal

strip convolution, and a 7x1 vertical strip convolution:

F3x3 = Convsy3(FRop) (6)
Fix7 = COHV1X7(F1’1’01) (7)
F7x1 = COUV7X1(F1’1’01) (8)

The features extracted from these three parallel
branches are concatenated along the channel dimension,
fused via a 1x1 convolution and a ReLU activation
function, and subsequently integrated with the input
features through a residual connection employing a fixed
gain coefficient of a=0.5:

Fea = Concat[Fsx3, Fix7, F7x1] )

Fou = @ - SE (ReLU(Convyy (Fear)) ) + ot (10)

As illustrated in Figure 4, by employing 1x7 and
7x1 strip convolutions to respectively enhance texture
sensitivity in the horizontal and vertical directions, in
conjunction with the isotropic receptive field of the 3x3
MSSE  module
synchronous extraction of multi-directional and multi-

convolution, the achieves the
scale crack features. Furthermore, the SE operation[33]
adaptively suppresses redundant features and amplifies
discriminative, crack-related channels along the channel
dimension. This renders the Rol branch highly sensitive
to the edges and width variations of minute cracks,
feature
foundation for the subsequent fusion of its probability

thereby establishing a high-quality local

map with that of the global-image branch.

Residual Connection

Figure 4. Structure of the MSSE module

2.4.Loss Function Design

To address the extreme class imbalance between
crack and background pixels in crack segmentation
tasks, a ratio of approximately 1:100, a joint loss
function termed crack loss[29][30] was designed by
combining weighted Binary Cross-Entropy (BCE) and
Dice loss. The weighted BCE loss applies additional
weights to the positive samples (crack pixels) to
compensate for this class imbalance:

wy)=y-(a-1)+1 (11)

y € {0,1} denotes the pixel label, and a = 5.0
represents the weight coefficient for positive samples.
Specifically, a weight of a = 5.0 is assigned when the
pixel is a crack, whereas a weight of 1.0 is assigned to
background pixels, thereby imposing a greater penalty
on the model for the misclassification of crack pixels
during the training process. The weighted BCE loss is
defined as follows:

Lpcg =

1
— =) wODilogd: + (1 - ylog(t - 9] (12)

The Dice loss directly optimizes the overlap
between the predicted and ground-truth masks,
demonstrating greater robustness against small targets
and extreme class imbalance:

2% YiyiteE
NiVit2Xiyite

LDice =1 (13)

The final joint loss function is defined as the equally
weighted sum of these two components:
L=0.5"Lgcg+ 0.5 Lpjce (14)
This joint loss is applied simultaneously to both the
global branch output §global and the Rol branch output
$Rol; thus, the total training loss is given by:
Liotat = L(Pgiobatr ¥) + B - LProl Yro1) (15)
B = 0.5 denotes the loss weight for the Rol branch,
serving to balance the gradient contributions from both
branches.

2.5.Inference Fusion Strategy
Following the completion of training, the inference
phase employs the following three-step fusion pipeline:
Step 1: Rol localization via YOLO detection. An
improved YOLOv11 detection algorithm is executed on
the input image to acquire a list of candidate crack
bounding boxes with confidence scores exceeding a
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predefined threshold. In the absence of positive
detections, the process degrades to utilizing the global
U-Net output solely as the final prediction.

Step 2: Probability map fusion. For each YOLO-
detected bounding box, the corresponding Rol is
cropped from the original image and fed into the
DualUNet. Upon acquiring the Rol probability map, it is
restored to the global image space via coordinate
mapping; for overlapping regions among multiple
bounding boxes, the pixel-wise maximum is computed
to generate the full-image Rol probability map, Pﬁ‘gll.
Concurrently, a single DualUNet inference is performed
on the entire image to obtain Pyjgpe - The final
probability map is subsequently derived through the
following pixel-wise maximum fusion:

Prina1 = max(Wy - Pyigpat, Piot) (16)

Where wy € [0,1] represents the scaling weight
applied to the global probability, which serves to
suppress false-positive predictions from the global
branch. This

predictions from the Rol branch to effectively override

enables the high-confidence local
and correct the global results.

Step 3: Binarization and small connected-component
filtering. The fused probability map is binarized using a
specified threshold, and an 8-connected component
analysis is subsequently employed to filter out isolated
noise regions with an area smaller than a predefined
number of pixels:

Mﬁnal = Filtersmin (H(Pﬁnal > T)) (17)

3. Experiments and Result Analysis

3.1.Experimental Environment

All model optimization and training experiments in
this study were conducted within a unified experimental
environment. The operating system was Windows 11.
The hardware configuration included a 12 vCPU Intel
Xeon Platinum 8352V processor (base frequency 2.10
GHz), a single vGPU-32GB graphics card (32 GB
VRAM), and 90 GB of system memory. Python 3.9 was
utilized as the programming language, alongside
PyTorch 2.1.0 as the deep learning framework for
training and inference, supported by CUDA version
11.7. The construction of the segmentation network
encoder and the loading of ImageNet pre-trained
implemented using the

weights were

segmentation_models_pytorch (smp) library. The object
detection component was based on YOLOv11, released
by Ultralytics. Automated hyperparameter searching
was conducted using the Optuna framework[34] (based
on the Tree-structured Parzen Estimator, or TPE,
algorithm), while real-time metric monitoring and visual
recording during the training process were facilitated by
the Weights & Biases (WandB) platform. Dataset
loading and data format conversion were accomplished
using libraries such as torchvision, opencv-python, and
numpy, and the experimental results were visually
presented utilizing the matplotlib library.

The publicly available Crack500 dataset was
employed as the experimental benchmark. This dataset
comprises 500 images of real-world pavement and
bridge cracks, each accompanied by a pixel-level,
manually annotated binary segmentation mask. It
encompasses various crack morphologies with diverse
widths and orientations. Given that crack pixels account
for an average of approximately 1% of the total image
area, this extreme imbalance between positive and
negative samples makes it an ideal benchmark for
validating class-imbalance processing strategies. The
dataset was partitioned into a training set (350 images),
a validation set (50 images), and a test set (100 images)
at a ratio of 7:1:2. To accommodate the data flow
requirements of the two-stage training paradigm,
bounding boxes encompassing the crack regions were
automatically generated via connected-component
analysis, building upon the original pixel-level
annotations of the Crack500 dataset. This process
established YOLO-format object detection annotations,
which were subsequently utilized for the supervised
training of the first-stage detector. The Region of
Interest (Rol) labels required for the second stage were
obtained by performing comprehensive inference on the
training set using the trained, improved YOLOv11. This
methodology achieves a seamless integration of the data
flow across the two training stages, thereby eliminating
any additional reliance on manual Rol annotations for
the second-stage training.

3.2.Evaluation Metrics

The experiment employs the following five
quantitative metrics to comprehensively evaluate the
model's performance:
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Precision: This metric measures the proportion of
pixels predicted as cracks that are genuinely ground-
truth cracks, thereby reflecting the model's capability to
suppress false-positive predictions:

TP +¢

TP+ FP +¢ (18)

Precision =

Recall: This metric measures the proportion of
genuine ground-truth crack pixels that are correctly
predicted, reflecting the model's capability to effectively
cover the crack regions:

TP + ¢

Recall = ——— —
AT TP Y FN + ¢

(19)

Dice Coefficient: Equivalent to the F1 score, this
metric calculates the harmonic mean of precision and
recall. It serves as the most commonly utilized
comprehensive performance indicator in segmentation
tasks:

2-TP+¢
2:-TP+FP+FN+¢

(20)

Dice =

Intersection over Union (IoU): This metric directly
measures the degree of regional overlap between the
predicted mask and the ground truth mask, exhibiting
sensitivity to both over-segmentation and under-
segmentation:

TP + ¢

IoU =
T TPYFP+FN +¢

(21)

Boundary Intersection over Union (Boundary loU):
This metric calculates the Intersection over Union
between the boundary pixel set of the predicted mask,

0M , and the boundary pixel set of the ground-truth
mask, dMgy;

via a convolutional difference operation: the mask is

. The boundary extraction is implemented

convolved with an all-ones kernel, and pixels where the
convolution result is strictly less than the sum of the
kernel elements, while the original mask value remains
1, are identified as boundary pixels. Subsequently, a
3 X 3 max-pooling operation is applied to perform a 1-
to-2 pixel dilation, thereby increasing the tolerance for
boundary matching:

[OM N OMg.| + €
Boundary IoU = —

|0M U dMgq| + &

Traditional IoU and Dice metrics treat the internal

(22)

and boundary regions of a mask equally; consequently,
when the crack width is substantial, the correct
prediction of internal pixels often obscures precision
defects at the boundaries. Boundary IoU strictly
confines its evaluation focus to the mask boundaries,
enabling it to more sensitively reveal discrepancies in
the segmentation quality of crack contours. Compared to
regional IoU, it provides a more rigorous quantitative
perspective that better aligns with practical engineering
applications.

3.3.Model Performance Evaluation

3.3.1

Figure 5 illustrates a visual comparison of two

Qualitative Visual Analysis

representative samples across various intermediate
stages. From left to right, these include the original
image, ground truth mask, YOLO boxes overlay, Rol
mask overlay (green), global UNet overlay (blue), and
the final fusion mask overlay (red).

The operational mechanism of the two-stage fusion
framework and the complementary nature of its
constituent branches are distinctly observable. In the
first-row sample, where the crack exhibits an arcuate
trajectory with non-uniform width, the YOLO bounding
boxes accurately localize the primary crack region,
thereby furnishing an effective spatial prior for the Rol
branch. Within these YOLO-delineated local regions,
the Rol branch (green mask) executes a fine-grained
segmentation of the crack contour, yielding sharply
defined edges.

Conversely, while the global U-Net branch (blue
mask) successfully captures the overall crack trajectory
from a macroscopic perspective, its segmentation output
suffers from noticeably overly broad boundaries. This
corroborates the analysis in the introduction regarding
the inadequate capacity of global segmentation models
to capture local details. The fusion mask (red) synergizes
the local precision of the Rol branch with the continuous
integrity of the global branch. By significantly
narrowing the predicted width while maintaining the
completeness of the main crack backbone, the fusion
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result achieves a high degree of concordance with the
ground truth.

In the second row of samples, the crack extends to
the edge of the image and exhibits a slender morphology,
accompanied by minor aggregate noise interference in
the background. The YOLO bounding box successfully
localizes the main crack region. Within the Region of
Interest (Rol), the Rol branch achieves relatively precise
fine-line segmentation, effectively suppressing the
interference from background aggregates. Although the
global U-Net branch (blue mask) roughly captures the
location of the crack, several small-area noise prediction
regions emerge beneath it, reflecting the global branch's
propensity for false positives in complex background
areas. During the fusion stage, the global probability
down-weighting strategy ( Wyiopar < 1) effectively
mitigates this false-positive noise. The final fused mask
(red) successfully eliminates the noise while preserving
the complete prediction of the main crack. Following a
small connected component filtering process (A;in =
10 pixels), the final result is substantially cleaner,
devoid of obvious isolated noise artifacts.

These two sets of visualized samples substantiate
the core design philosophy of the fusion framework: the
localization prior provided by the YOLO detector
effectively constrains the segmentation scope, thereby
preventing the divergence of the global segmentation;
the fine-grained segmentation from the Rol branch
supplies high-quality local masks; the global branch
guarantees the overall continuity of the cracks; and the
adaptive probability fusion achieves an optimal balance
between precision and recall across both branches.

Figure 5. Comparison of typical sample
visualization results of two-stage fusion reasoning

3.3.2.  Quantitative Result Analysis

To systematically validate the contribution of each
core module, the following three sets of ablation
experiments were designed by progressively integrating
these modules. Comparative training was conducted

under identical training configurations and datasets,
utilizing the fused inference results across five metrics
as the basis for evaluation. To ensure fair comparison,
all variants in the experiments employed the exact same
Crack500 dataset splits and training hyperparameters,
differing solely in their model architectures.

Baseline Model (YOLO + UNet): A loosely coupled
two-stage baseline method, consisting of a standard
YOLO detector and a conventional single-output U-Net,
serves as the comparative starting point. The U-Net
lacks an Rol branch and relies exclusively on the global-
image branch output for segmentation prediction. The
two models were trained independently.

Dual-Branch Model (YOLO + DualUNet): Building
upon the baseline, the U-Net is upgraded to the proposed
DualUNet dual-branch architecture. This introduces a
shared ResNet34 encoder, an Rol branch, and an Rol
Head module, facilitating the joint training of both the
global-image and Rol branches, alongside the fusion
inference of their probability maps.

Boundary Head Mechanism (YOLO + DualUNet +
Boundary Head): Expanding upon the dual-branch
model, a Boundary Head supervised training mechanism
is further incorporated. By applying specific supervisory
signals to the mask boundary regions during the training
process, this mechanism guides the network to more
precisely delineate crack boundary contours while
simultaneously optimizing the overall segmentation
quality.

Recall: As illustrated in Figure 6, the dual-branch
model maintains the highest recall throughout the entire
training cycle, ultimately converging to approximately
0.79, which significantly outperforms the baseline
The recall
converges to roughly 0.72, lower than that of the dual-
branch variant. This means that the DualUNet
architecture improves the coverage capacity for fine
crack regions by combining the global and Rol
branches in a way that works together. While the
introduction of the boundary head bolsters the precision

model. of the boundary-head model

of boundary delineation, it simultaneously induces the
network to favor more conservative predictions in high-
confidence boundary regions. This results in a marginal
decrease in recall, despite yiclding a substantial
improvement in edge precision (a 21% increase in
Boundary IoU). In practical engineering contexts, the
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binarization threshold 7 can be optimized via Optuna
to moderately relax the prediction criteria while
preserving edge precision, thereby recovering a portion
of the false-negative (missed detection) regions.

virecall

Figure 6. Convergence curve of model recall

Precision: As depicted in Figure 7, the boundary-
head model achieves the highest final precision,
reaching 0.75. The precision scores of the dual-branch
model and the baseline model are comparable, with both
ultimately converging around 0.70 to 0.71. This
that the

mechanism plays a constructive role in elevating

demonstrates boundary-head supervision
prediction confidence and suppressing false positives,
thereby enabling the network to predict genuine crack

regions with greater accuracy.

Figure 7. Convergence curve of model precision

Intersection over Union (IoU): As illustrated in
Figure 8, the final IoU values across the three
models are comparable. Both the dual-branch and
boundary-head variants achieve approximately 0.58,
slightly outperforming the baseline model. The
dual-branch and boundary-head models are largely

equivalent in terms of the regional overlap metric,
demonstrating consistent improvements over the
baseline.  This  validates the  systematic
enhancement of overall segmentation quality
facilitated by the dual-branch architecture.

Figure 8. Variation curve of model regional IoU

Dice Coefficient: As shown in Figure 9, the
boundary-head model achieves the highest final Dice
coefficient at approximately 0.71, followed by the dual-
branch model at roughly 0.70, and the baseline model at
approximately 0.69. Although the numerical differences
are marginal, the boundary-head model's leading
position in the comprehensive F1 score aligns with its
superior precision, reflecting the positive contribution of
boundary supervision to the overall segmentation
quality.

Figure 9. Convergence curve of the model Dice
coefficient
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Boundary Intersection over Union (Boundary IoU):
As depicted in Figure 10, the boundary-head model
leads with a final value of approximately 0.34, followed
by the dual-branch model at roughly 0.28, while the
baseline model ranks lowest at approximately 0.27. The
exhibits
improvement of approximately 26% over the baseline

boundary-head model a Boundary IoU
model and 21% over the dual-branch model; this
constitutes the most significant relative enhancement
among all five evaluated metrics. This result robustly
substantiates the targeted contribution of the boundary-
head
precision. By explicitly enforcing supervision on the

supervision mechanism to crack boundary

boundary regions during the training phase, the model
achieves a substantial, highly specific improvement in
boundary segmentation accuracy during testing.

faston/oundary_ ko

Figure 10. Convergence curve of model Boundary
IoU

Table 1 clearly quantifies the specific contributions
of each core module to the overall segmentation
performance. Compared to the baseline model
(YOLOv11+UNet), the recall of the dual-branch model
(YOLOv11+DualUNet) exhibits a substantial leap from
0.75 to 0.79. This demonstrates that the synergistic
strategy—integrating global semantic constraints with
local Region of Interest (Rol) feature enhancement—
effectively compensates for the perceptual blind spots
inherent in single-model architectures, thereby
significantly mitigating the false-negative rate for fine
cracks.

Furthermore, following the introduction of the
boundary head supervision mechanism to the dual-

branch model, the recall undergoes a minor regression to

0.72, a consequence of the model's more stringent and
conservative  predictions within edge regions.
Nevertheless, this configuration attains global optima in
both precision (elevated to 0.75) and the Dice coefficient
(elevated to 0.71). The Boundary IoU metric, which
evaluates edge alignment, surges to 0.34, yielding
substantial relative gains of approximately 26% and 21%
over the baseline and dual-branch models, respectively.
In conclusion, the dual-branch model successfully
secures the macroscopic coverage of minute cracks,
whereas the boundary head mechanism facilitates
precise contour delineation at the microscopic, pixel
level. These two mechanisms are highly complementary;
through the further optimization of post-processing
strategies such as the binarization threshold, this fusion
framework is capable of achieving a robust equilibrium
between "high coverage" and "precise edges" in
practical engineering applications characterized by

complex backgrounds.

Table 1. Comparison of segmentation performance
of models at different stages in the ablation study on
the validation set

Precisi Rec
Model Dice Iou
on all

Boundary Iou

YOLOvV11+UNet 0.70 0.75 0.69 0.57 0.27
YOLOv11+DualUN

0.71 0.79 0.70 0.58 0.28
et
YOLOv11+DualUN
et+ 0.75 0.72 0.71 0.58 0.34

Boundary Head

4. Conclusion

To address the technical bottlenecks of existing
methods concerning the missed detection of fine targets,
insufficient pixel-level segmentation accuracy, and
paper
systematically designs and implements a two-stage

coarse crack boundary delineation, this
collaborative recognition framework characterized by
localization local  fine
This
comprehensive performance surpassing the comparative
baselines on the Crack500 dataset.

Regarding the improvements to the first-stage

"macroscopic guiding

segmentation." framework achieves

detector, to tackle the structural issue where the standard
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YOLO Feature Pyramid Network (FPN)
architecture exhibits a perceptual blind spot for fine

series

cracks at the P3 scale, a P2 small-object detection layer
is introduced at the tail end of the feature self-fusion (i.e.,
the top of the FPN) . This addition enhances the
detection resolution for exceptionally fine cracks.
Furthermore, a C2PSA channel attention module is
integrated at the C2 feature level. This integration
bolsters the model's representational capacity for ultra-
fine targets such as narrow cracks, elevating the
detector's perceptual downsampling scale to 1/4, thereby
enabling the effective detection of crack targets with a
width of merely around 4 pixels. The improved
YOLOv11 high-
localization-accuracy Region of Interest (Rol) spatial

provides a high-confidence,
prior for the second-stage segmentation task, ensuring
the reliability of the two-stage collaborative pipeline
from the source of information quality.

In the second stage, the core advantage of the
proposed dual-branch DualUNet architecture lies in
achieving efficient synergy between full-image
macroscopic semantics and local Rol fine segmentation
via a shared backbone, significantly enhancing
parameter utilization and generalization capabilities.
The global branch is responsible for providing global
semantic constraints to prevent the Rol branch from
losing contextual information due to local focusing.
Meanwhile, the specially designed MSSE module within
the Rol branch captures the directional geometric
features of cracks through a multi-directional strip
convolution structure, thereby substantially amplifying
the segmentation response to boundary and width
variations. Confronted with the extreme imbalance
between positive and negative samples (approximately
1:100), a joint loss function comprising Weighted
Binary Cross-Entropy (BCE) and Dice Loss is adopted
to guarantee the stability of the crack pixel recall rate
from the dual perspectives of gradient contribution and
regional overlap.

Experimental results demonstrate that the dual-
branch architecture increases the recall rate from 0.75 to
0.79, achieving a notable improvement of 5.3%. The
boundary head supervision mechanism elevates
precision from 0.70 to 0.75, representing a 7.1%
increase. Moreover, the Boundary Intersection over

Union (Boundary IoU) substantially surges from 0.27 to

0.34,
approximately 26%. These two categories of technical

yielding a proportional enhancement of

improvements form a complementary relationship in the

performance dimension, collectively realizing a

systematic leap in the overall performance of the
framework. This provides a novel perspective and a
reliable technical paradigm for the intelligent inspection
and structural safety assessment of bridges, laying a
foundation for the future realization of real-time,
automated bridge health monitoring.

Future work will further explore the following
directions: conducting cross-domain validation on
larger-scale, multi-scenario bridge crack datasets to
fortify the model's generalization capability; and

integrating 3D point clouds with multi-modal

information to achieve cross-modal crack detection and
comprehensive structural defect evaluation.
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