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Article Info  Abstract 

Article History:  To address poor feature extraction adaptability and the gap with practical 
engineering requirements for mountain bridge structural defect early warning 
under complex geological backgrounds and variable illumination, this paper 
proposes a CBAM-ResNet-Mask R-CNN instance-segmentation early warning 
framework for mountain-bridge disasters. A dual-path residual block is designed 
for the Stages 3-4 of the ResNet-101 backbone, where dilated convolution is 
adopted in the main path and 1×1 dimensionality-reduction convolution is 
introduced in the auxiliary path, so as to suppress complex background noise and 
enhance weak disaster features under uneven illumination. The CBAM attention 
module is embedded inside residual blocks of Stages 3-4 to realize joint channel-
spatial feature screening. Since Mask R-CNN only outputs two-dimensional pixel-
level segmentation masks from RGB images, the visual quantitative features 
calculated from segmentation masks are further fused with auxiliary structural 
monitoring data including vibration and strain time-series signals, to realize 
inversion of three-dimensional structural deformation and disaster severity 
assessment. The reduction rate of economic loss is estimated by feeding disaster-
severity quantification results into a bridge life-cycle cost model. On the 
independent test set, the proposed model achieves mAP@0.5 of 92.17%, 
mAP@0.5:0.95 of 76.42% and multi-disaster comprehensive F1-score of 0.93. Its 
recall rate for small-scale rockfall early warning reaches 93.64%, with an early-
warning false-alarm rate of 2.56%. The monitoring accuracy for bearing 
deformation and concrete spalling proportion both exceeds 90%, and the 
maximum economic-loss reduction rate reaches 58.46% under test-set conditions. 
The proposed framework can realize accurate disaster-feature segmentation and 
multi-source-data joint quantification for mountain-bridge hazards, which 
provides feasible technical support for mountain-bridge safety monitoring and 
graded early-warning decision-making. 
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1. Background 

Mountain bridges are susceptible to disasters such as rockfall impact, concrete spalling, and crack 
propagation due to long-term exposure to complex geological environments and variable climatic 
conditions [1-2]. Untimely disaster early warning can cause structural damage, traffic disruption, 
and even casualties. Therefore, constructing accurate and efficient mountain bridge disaster early 
warning models is of great engineering significance for ensuring bridge operational safety [3-4]. 
Current early warning methods still have limitations in disaster feature segmentation accuracy and 
structural stress prediction [5]. Some models tend to mis extract features or miss disasters when 
dealing with complex backgrounds and weak features in mountain bridge images [6-7]. Residual 
Network (ResNet) can specifically enhance weak disaster features and suppress redundant 
background information. Mask Region-based Convolutional Neural Network (Mask R-CNN) can 
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restore high-resolution segmentation masks through a four-layer transposed convolution up 
sampling in the segmentation branch. The Convolutional Block Attention Module (CBAM), due to 
its flexible modular design, can seamlessly integrate into ResNet backbone networks and Mask R-
CNN feature extraction pipelines. Against the background of civil‑infrastructure structural health 
monitoring, vision‑based inspection has become an important technical route for bridge condition 
assessment [8-9]. Nevertheless, mountain‑bridge monitoring suffers from complex geological 
background interference and variable illumination, which easily trigger false detection. Moreover, 
the logical linkage between image segmentation outputs and disaster quantitative evaluation 
remains insufficiently addressed in existing research. Accordingly, this paper proposes a 
mountain‑bridge disaster early warning model integrating CBAM, ResNet, and Mask R‑CNN. 
Dual‑path residual blocks together with multi‑scale feature fusion and CBAM attention modules are 
adopted to suppress complex mountain background noise and reduce false alarms caused by 
redundant background features. Pixel‑level segmentation masks yielded by the visual model are 
further combined with vibration and strain time‑series sensor data to realize disaster severity 
quantification, establishing the correlation between image processing results and structural 
disaster assessment. This work intends to satisfy the requirements of weak‑disaster feature 
extraction and early warning for mountain bridges.  

2. Literature Review 

Structural health monitoring is essential to guarantee the safe service of civil infrastructures, 
including contact sensor based and non-contact sensing approaches. Contact sensors can collect 
one dimensional time series vibration and strain signals; one dimensional convolutional neural 
network combined with transfer learning are widely used to extract damage related features, while 
generative adversarial networks are adopted to mitigate the scarcity of real-world damage samples 
[10-11]. Sensor placement optimization is also a key issue for dynamic structural monitoring of 
civil infrastructures [12]. Apart from contact monitoring techniques, InSAR time series remote 
sensing can realize large scale infrastructure deformation monitoring but cannot capture fine 
grained local damage details of bridges [13]. Non-contact computer vision-based monitoring 
possesses flexible deployment merits, and vision driven real time structural health monitoring 
systems have been developed for offshore infrastructures. However, few investigations focus on 
mountain bridge scenarios disturbed by uneven illumination and complicated geological 
backgrounds. As an instance segmentation algorithm with multi-task capability and high-precision 
segmentation, Mask R-CNN can simultaneously output target categories, bounding boxes, and 
segmentation masks in tasks. Some scholars have conducted explorations based on its 
characteristics. Setrayana A et al. proposed the application of YOLOv11 and Mask R-CNN models 
for real-time water level detection to address the problem of slow response in manual systems for 
urban flood monitoring in Indonesia [14]. Instance segmentation approaches can be divided into 
two stage and one stage paradigms. Two stage detectors represented by Mask R CNN achieve 
superior mask boundary precision benefited from RoI Align operation, yet bring non negligible 
computational overhead. By comparison, one stage segmentation models such as YOLOv8 seg 
deliver faster inference speed suitable for edge device deployment, at the cost of slight degradation 
in segmentation boundary accuracy, and have been applied for post seismic structural damage 
segmentation tasks [15]. Besides conventional ResNet backbones, Swin Transformer and other 
vision Transformer architectures exhibit advantages in global context modeling and capturing long 
range dependencies for complex scenes, while suffering higher computational cost. Unlike Mask R-
CNN, CBAM can precisely enhance key features and suppress redundant information through dual 
attention mechanisms of channel and spatial dimensions. Some domestic and international 
scholars have conducted different studies using this method. Huang Y et al. developed a model that 
integrated multi-scale convolution with a self-attention mechanism to address seismic event 
classification tasks, while introducing a voting mechanism to integrate multi-component data. 
Experiments verified that this method outperformed traditional methods [16]. Wenxuan Z et al. 
proposed a lightweight neural network method to solve the problems of low accuracy and slow 
speed in traditional fire detection methods. The results indicated that this approach demonstrated 
significant superiority in identifying small-scale fire events [17]. 
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In addition, effective disaster early warning can minimize the impact of disasters on life, property, 
and social systems. Some scholars have proposed different opinions on this issue. Yue Y put 
forward an analytic hierarchy process optimized by entropy weighting and fuzzy numbers to assess 
construction risks of highway bridges in plateau mountainous regions. The experimental results 
showed that this method could effectively identify key risk points such as building materials and 
provide quantitative basis for precise prevention and control of high risks [18]. Yang P's team 
proposed a dual-threshold method for the uncertainty problem of critical rainfall thresholds in 
mountain flood warning. The results indicated that this method had higher reliability compared to 
traditional single-threshold methods [19]. Rawat D et al. proposed the use of wavelet synchro 
squeezing transform to analyze seismic signals from station networks for the Chamoli 2021 ice-
rock avalanche disaster. The experimental results showed that this method could effectively 
identify high-frequency collapse signals at 16-18 Hz and low-frequency seismic precursors at 0.01-
0.2 Hz [20]. Zhao Y's team innovatively proposed an adversarial interpretive structural modeling 
method for factors influencing mountain community resilience. The results showed that this 
method could systematically identify the action paths of key factors such as infrastructure, 
information access, and emergency planning [21]. Ding Y et al. proposed a comprehensive rockfall 
scenario simulation method for the difficult problem of rockfall risk simulation in mountain 
bridges. Experiments showed that this method could effectively analyze rockfall risks under 
complex coupling effects by constructing virtual risk environments [22]. 

From the conclusions drawn by domestic and international scholars, although current disaster 
early warning methods have made certain progress, there still exist problems of insufficient model 
adaptability and scenario compatibility. Some early warning methods are disconnected from actual 
engineering needs, and the entropy weight-based analytic hierarchy process and dual-threshold 
rainfall methods are difficult to directly provide precise technical support for bridge disaster 
emergency response. Therefore, to improve the adaptability of disaster early warning methods, 
this study proposed a mountain bridge disaster early warning model combining CBAM, ResNet, and 
Mask R-CNN. The study expects to provide effective technical support for property loss control and 
ecological facility protection through this model. 

3. Mountain Bridge Disaster Early Warning Model Construction 

3.1 Design of Mask R-CNN Disaster Recognition Model Combine Resnet 

ResNet introduces residual block structures that allow inputs to directly propagate across layers 
to outputs. This advantage enables effective network training even when the depth increases. Mask 
R-CNN provides precise instance segmentation and multi-task capabilities, which can 
simultaneously identify different disaster types in mountain bridge early warning scenarios. 
Therefore, this study designs a Mask R-CNN disaster recognition model integrating ResNet, which 
strengthens weak feature extraction for bridge disasters through ResNet and achieves integrated 
disaster category recognition, location detection, and pixel-level segmentation with Mask R-CNN. 
The instance segmentation process is shown in Figure 1. 
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Fig. 1. Instance segmentation process of Mask R-CNN 

In Figure 1, Stage 1 first standardizes and augments the original bridge images, then uses the 
backbone network to gradually reduce image size and increase feature dimensions. Stage 2 presets 
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twelve anchor boxes on the C4 feature map for diverse bridge disaster forms, evaluates whether 
each anchor box contains a disaster using 1×1 convolution, and outputs confidence scores. 
Candidate regions are filtered through non-maximum suppression to remove redundant 
overlapping anchor boxes, producing high-confidence candidate regions. Stage 3 maps candidate 
rockfall regions from the original image onto the C4 feature map proportionally, divides sampling 
points in the mapped feature regions, and calculates feature values for each point using bilinear 
interpolation. Finally, it averages the feature values to generate a fixed-dimension feature vector. 
The total loss function is shown in Equation (1). 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑐𝑙𝑠 + 𝜆1 ⋅ 𝐿𝑟𝑒𝑔 + 𝜆2 ⋅ 𝐿𝑚𝑎𝑠𝑘 (1) 

Equation (1) shows 𝐿𝑐𝑙𝑠 and 𝐿𝑟𝑒𝑔 representing classification loss and bounding box regression loss, 

𝐿𝑚𝑎𝑠𝑘  representing Mask segmentation loss, and 𝜆1  and 𝜆2  representing loss weights. The 
classification loss calculation is shown in Equation (2) [23]. 

𝐿𝑐𝑙𝑠(𝑝, 𝑝 ∗) = −∑𝑝𝑘
∗

𝐾

𝑘=0

⋅ 𝑙𝑜𝑔( 𝑝𝑘) (2) 

In Equation (2), 𝑝 = [𝑝0, 𝑝1, . . . , 𝑝𝑘]  indicates the predicted class probability distribution, 𝑝𝑘  
represents the probability that a candidate region belongs to class 𝑘, and 𝐾 is the total number of 
classes. Stage 4 performs multi-task output. The input feature vector passes through two fully 
connected layers to compress it to 1×4 dimensions. The Softmax function outputs class 
probabilities, and another fully connected layer outputs coordinate parameters. The Mask branch 
enlarges the feature map with four transposed convolution layers, removes low-confidence 
regions, and overlays the segmentation mask of remaining high-confidence regions onto the 
original bridge image. The study selects ResNet-101 as the backbone to capture finer-grained 
disaster features. The ResNet-based feature enhancement module is shown in Figure 2. 
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Fig. 2. ResNet-based feature enhancement module 

In Figure 2, the model adds an adaptive contrast enhancement module at the ResNet input layer. It 
uses the Retinex algorithm to separate image illumination and reflection components and applies 
contrast-limited adaptive histogram equalization to the reflection component. A dual-path residual 
block structure is designed, where the main path introduces dilated convolution to the original 
residual block, and the auxiliary path adds a 1×1 convolution for dimensionality reduction and 
expansion. The two paths are fused through element-wise addition. Different stages of ResNet-101 
use different residual block configurations: stages 1–2 use standard residual blocks, while stages 
3–4 replace all standard blocks with dual-path residual blocks. Residual block feature propagation 
is calculated as shown in Equation (3). 

𝐻(𝑥) = 𝐹(𝑥, {𝑊𝑖}) +𝑊𝑠(𝑥) (3) 

In Equation (3), 𝐻(𝑥) is the output feature map of the residual block, 𝐹(𝑥, {𝑊𝑖}) is the residual 
function, {𝑊𝑖} is the convolution kernel weights in the residual function, and 𝑊𝑠(𝑥) represents the 
shortcut connection. Global feature extraction is calculated as in Equation (4). 
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𝐹𝑚𝑎𝑖𝑛(𝑥) = 𝐵𝑁(𝑊2 ⋅ 𝑅𝑒 𝐿 𝑈(𝐵𝑁(𝑊1 ⋅ 𝑥) (4) 

Equation (4) uses 𝑊1  and 𝑊2  as 3×3 convolution kernels, with 𝐵𝑁  representing batch 
normalization. High-frequency weak feature enhancement is calculated in Equation (5). 

𝐹𝑎𝑢𝑥(𝑥) = 𝑊4 ⋅ 𝑅𝑒 𝐿 𝑈(𝑊3 ⋅ 𝑥) (5) 

Equation (5) shows 𝑊3  and 𝑊4  as 1×1 convolution kernels, 𝑊3  reduces to one-fourth of input 
channels, and 𝑊4 expands to the main path output channels. The overall framework of the Mask R-
CNN-based disaster recognition model integrated with ResNet is illustrated in Figure 3. 
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Fig. 3. Mask R-CNN disaster recognition model integrating ResNet 

As shown in Figure 3, the backbone network uses ResNet-101 as the core for feature extraction. 
The 101-layer deep network with residual block design addresses weak feature extraction 
deficiencies in traditional convolutional neural networks. Batch normalization layers are added in 
the residual blocks of ResNet stages 3 and 4. The weighted feature fusion is calculated as shown in 
Equation (6) [24]. 

𝐹𝑓𝑢𝑠𝑖𝑜𝑛 = 𝛼 ⋅ 𝐶3′ + 𝛽 ⋅ 𝐶4 + 𝛾 ⋅ 𝐶5′ (6) 

In Equation (6), 𝐹𝑓𝑢𝑠𝑖𝑜𝑛 indicates the fused enhanced feature map, 𝛼, 𝛽, and 𝛾 are fusion weights. 

𝐶3′ , 𝐶4 , and 𝐶5′  represent aligned multi-scale feature maps. Channel attention weights are 
calculated as in Equation (7). 

𝑀𝑐(𝐹) = 𝜎(𝑊2
′ ⋅ 𝑅𝑒 𝐿 𝑈(𝑊1

′ ⋅ 𝐺𝐴𝑃(𝐹))) (7) 

Equation (7) shows 𝐹  as the input feature map to the attention module. 𝑊1
′  and 𝑊1

′  are fully 
connected layer weights, and 𝑐  represents the number of feature map channels. The region 
proposal layer designs an adaptive anchor system for diverse bridge disaster forms. The multi-task 
output layer includes classification, regression, and Mask branches. The model outputs disaster 
probabilities through activation functions and optimizes bounding box coordinates using Smooth 
L1 loss. The regression branch outputs pixel-level disaster locations. The Mask branch up samples 
to the original image size for disaster quantification, using 1×1 convolution and Sigmoid activation 
to output 28×28 binary segmentation masks. 

3.2 Optimization of Disaster Recognition Model with CBAM 

Although the Mask R-CNN disaster recognition model combined with ResNet can effectively 

extract disaster features, it still suffers from background interference that leads to false 

detections in complex mountain environments. CBAM can accurately enhance key features 

without significantly increasing the number of model parameters. This advantage makes 

CBAM well suited for mountain bridge disaster recognition tasks [25]. Therefore, to further 
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improve model performance, this study introduces CBAM to optimize the constructed disaster 

recognition model. The process of how CBAM adapts to bridge disaster requirements is shown 

in Figure 4. 

Channel 

attention

Spatial 

attention 

module

Refined featureInput feature
Channel 

attention branch

Spatial attention 

branch
 

Fig. 4. Schematic diagram of CBAM adapting to bridge disaster requirements 

In Figure 4, the channel attention branch in CBAM applies global average pooling to condense the 
feature map into a 1×1×C vector, which is subsequently processed through two fully connected 
layers followed by a Sigmoid activation function to produce channel weights. These weights amplify 
the disaster-related feature channels while attenuating background information. This process 
enables adaptation to the mixed-channel scenes in bridge disasters. The spatial attention branch 
addresses the issue that disaster regions occupy a small proportion of the image and are easily 
covered by backgrounds. It compresses the feature map through channel pooling, and after 
compression to 2×H×W, applies a 1×1 convolution to generate spatial weights, achieving 
localization of disaster pixels. The calculation of the final enhanced feature map output by CBAM is 
shown in Equation (8) [26]. 

𝐹𝑓𝑖𝑛𝑎𝑙
′ = 𝐹′ ⊗𝑀𝑐(𝐹

′) ⊗𝑀𝑠(𝐹𝑐
′) (8) 
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Fig. 5. Architecture of CBAM-ResNet-Mask R-CNN 

In Equation (8), 𝐹′ is the input feature map of CBAM, 𝑀𝑐(𝐹
′) is the channel attention weight vector, 

and the two ⊗ operations respectively perform channel-level feature selection and spatial-level 
feature focusing. It should be noted that Mask R‑CNN as a two‑stage detector imposes higher 
computational burden compared with one‑stage YOLO‑seg series models. For mountain‑bridge 
disaster quantitative early‑warning tasks, the segmentation boundary accuracy directly governs 
the calculation reliability of crack width, rockfall volume and subsequent structural‑damage 
evaluation. Boundary errors from segmentation will propagate and trigger incorrect early‑warning 
decisions. Therefore, pixel‑level segmentation accuracy is prioritized in this study. Meanwhile, the 
dual‑path residual blocks and embedded CBAM attention module optimize feature extraction and 
suppress redundant background computation, enabling the model to satisfy the latency 
requirement for mountain‑bridge early warning under given hardware conditions. The study then 
combines CBAM, ResNet, and Mask R-CNN to construct a new algorithm named CBAM-ResNet-
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Mask R-CNN, which serves as the foundation of the disaster early warning model. The architecture 
is shown in Figure 5. 

In Figure 5, the algorithm enhances the local contrast of weak features such as crack edges, while 
the Retinex decomposition removes uneven lighting effects and scales the image. The CBAM-
ResNet backbone serves as the feature extraction core. Stages 1–2 use traditional residual blocks 
to output C2 and C3 feature maps, while stages 3–4 are replaced with CBAM residual blocks to 
output C4 and C5 feature maps. Each CBAM residual block includes convolutional feature extraction 
and CBAM attention selection. The crack width is calculated as shown in Equation (9). 

𝑊′ =
𝑁 × 𝑅𝑒 𝑠

𝑆
 (9) 

Equation (9) shows 𝑁 as the pixel length of the crack in the segmentation mask, 𝑅𝑒 𝑠 and 𝑆 as the 
image resolution and image scaling factor, respectively. Equation (9) is derived under the premise 
of calibrated near‑orthogonal shooting perspective. For practical inclined camera viewpoints, 
camera intrinsic parameters and planar homography transformation should be introduced to 
compensate perspective distortion. In this paper, image scaling factors are calibrated for each 
sampling scene using reference scale markers on bridge surfaces to mitigate measurement bias 
induced by oblique shooting angles. The rockfall volume is calculated as shown in Equation (10) 
[27]. 

𝑉 = 𝐴𝑟𝑒𝑎 × ℎ × 𝜌 (10) 

In Equation (10), 𝐴𝑟𝑒𝑎 is the pixel area of the rockfall in the segmentation mask, ℎ and 𝜌 are the 
average height and shape coefficient of the rockfall. Accurate 3-D volume calculation requires depth 
information from LiDAR or RGB-D sensors, which are not available in this monocular RGB imaging 
system. Therefore, the rockfall pixel area calculated from segmentation mask serves as the primary 
quantitative indicator. The volume calculated in Equation (10) is an estimated reference value 
derived from empirical average height and shape-coefficient assumptions, rather than a strictly 
measured true 3-D volume. The average height and shape‑coefficient parameters are derived from 
field statistical data of rockfall events in local mountain‑bridge zones, rather than real‑time depth 
measurement from each input image. These empirical parameters are suitable for general‑scale 
rockfall samples in the study area. The estimated rockfall volume carries an inherent relative 
uncertainty of ±22 % under different actual rockfall morphologies. Volume output serves only as 
auxiliary reference, and rockfall pixel area from segmentation mask acts as the primary 
quantitative indicator. In the multi-scale feature fusion module, the region proposal network 
generates disaster candidate regions based on the fused feature maps. RoI Align performs pixel-
level alignment through bilinear interpolation. The classification branch outputs disaster 
probabilities, the localization branch outputs bounding box coordinates, and the segmentation 
branch generates a 28×28 binary mask through four transposed convolution layers, which is up 
sampled to produce pixel-level segmentation results. The post-processing module removes 
overlapping candidate regions using non-maximum suppression and overlays the segmentation 
masks onto the original image. The Mask R-CNN only outputs two-dimensional pixel-level 
segmentation masks of disaster regions from RGB images. Structural indicators such as bearing 
deformation and structural stress, as well as economic-loss estimation, cannot be directly derived 
from visual segmentation results alone. In this framework, visual quantitative features computed 
from masks (including crack length, crack width, spalling area and rockfall area) are fused with 
multi-source auxiliary structural monitoring data (vibration frequency and strain growth rate 
collected by sensors, see Equation (11)) for joint calculation, so as to invert three-dimensional 
structural bearing deformation and stress state. The percentage of economic-loss reduction is 
evaluated by inputting disaster-severity quantification results into the bridge life-cycle cost 
analysis model, rather than directly predicted by the instance-segmentation network. The 
workflow of the mountain bridge disaster early warning model is illustrated in Figure 6. 
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Fig. 6. Workflow of mountain bridge disaster early warning model 

Figure 6 shows that the preprocessing and feature enhancement layers mainly solve the problems 
of complex backgrounds and weak feature extraction in mountain bridge images through data 
preprocessing and CBAM attention enhancement. This part optimizes images using illumination 
normalization, contrast enhancement, and size standardization, and filters and normalizes 
vibration and strain data. The calculation is shown in Equation (11). 

𝐼𝑛𝑜𝑟𝑚(𝑖, 𝑗) =
𝐼(𝑖, 𝑗) − 𝜇

𝜎′ + 𝜀
 (11) 

In Equation (11), 𝐼(𝑖, 𝑗)  is the grayscale value of the original image, 𝐼𝑛𝑜𝑟𝑚(𝑖, 𝑗)  represents the 

normalized pixel value, 𝜇 is the global mean of the image, 𝜎 ′ is the global standard deviation. The 
calculation of mask morphological filtering is shown in Equation (12). 

𝑚𝑓𝑖𝑙𝑡𝑒𝑟𝑒𝑑 = 𝐶𝑙𝑜𝑠𝑒(𝑂𝑝𝑒𝑛(𝑚, 𝑘1), 𝑘2) (12) 

In Equation (12), 𝑚 is the original segmentation mask, 𝑚𝑓𝑖𝑙𝑡𝑒𝑟𝑒𝑑  represents the filtered mask, and 

𝑂𝑝𝑒𝑛(𝑚, 𝑘1)  and 𝐶𝑙𝑜𝑠𝑒(𝑚, 𝑘2)  are the opening and closing operations, respectively. The 
calculation of crack length is shown in Equation (13). 

𝑙 =∑𝐷𝑖𝑠𝑡(𝑠𝑖 , 𝑠𝑖+1) × 𝑅𝑒 𝑠

𝑁

𝑖=1

 (13) 

In Equation (13), 𝐷𝑖𝑠𝑡(𝑠𝑖 , 𝑠𝑖+1)  represents the Euclidean distance between adjacent sampling 
points, and 𝑠𝑖 represents the sampling points on the crack skeleton line. CBAM-ResNet uses ResNet-
101 as the backbone network. The disaster instance segmentation layer, based on the enhanced 
feature map, provides accurate spatial information for subsequent quantitative analysis. In the 
disaster quantification analysis layer, the model performs auxiliary quantification using structural 
data, integrating vibration frequency changes, strain growth rate, and image-based quantification 
results. The time-series trend prediction layer predicts disaster development trends based on 
multi-period quantitative data. The early warning decision output layer combines the current 
disaster level and future trend prediction to set multi-level warning thresholds, finally outputting 
visualized early warning results. Image instance-segmentation outputs visual damage features. The 
complete early-warning workflow follows sequential steps. Damage geometric parameters derived 
from segmentation are combined with multi-source sensor time-series data to calculate structural-
state indicators. Disaster development trends are predicted using multi-period quantitative results, 
and multi-level warning thresholds are triggered to generate early-warning outputs. Pixel-level 
segmentation acts as the core intermediate step of the whole pipeline, not the final early-warning 
output. The transformation from pixel‑level defect geometric features to structural stress and 
economic indicators adopts a data‑driven correlation mapping strategy, without introducing 
external simulation software or digital‑twin models. The defect geometric parameters (crack 
width, spalling area, rockfall area) output from segmentation masks are correlated with structural 
stress by linear fitting built upon labeled sensor monitoring datasets. The calculated 
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structural‑stress results are further mapped to economic‑loss indicators according to empirical 
maintenance‑cost statistics. This mapping assumes a linear correlation between defect geometric 
size and local structural stress within the service‑state range of mountain bridges, and the 
economic calculation keeps unit repair cost and traffic‑interruption loss coefficient unchanged. 

4. Performance Verification of Mountain Bridge Disaster Early Warning Model 

4.1 Comparison of Model Simulation Performance 

To verify the performance of the proposed mountain bridge disaster early warning model, the 
study selected the following three early warning models as comparison models, which were early 
warning models based on ResNet-Mask R-CNN-CNN, ResNet-Mask R-CNN, and Mobile Network 
Version 3-Mask R-CNN (MobileNetV3-Mask R-CNN). These three comparison models are set as 
ablation baselines. ResNet‑Mask R‑CNN serves as the original basic framework without our 
dual‑path residual and CBAM improvement. ResNet‑Mask R‑CNN‑CNN adds extra ordinary 
convolution branches on the basis of the basic framework to verify the effectiveness of our 
dual‑path residual design. MobileNetV3‑Mask R‑CNN replaces the ResNet backbone with 
lightweight MobileNetV3, which is widely adopted for edge‑end vision tasks in infrastructure 
monitoring. The study named them as Model 1, Model 2, and Model 3. Two kinds of datasets are 
adopted in this work. The input of Mask R-CNN is optical RGB image dataset, which is derived from 
the public dataset of Mountain Bridge Structure Health Monitoring Laboratory of Chongqing 
Jiaotong University. This image dataset contains 8264 annotated images, covering 11 mountain-
bridge structures, with four damage categories: crack, concrete spalling, rockfall, and bearing 
deformation-related surface features. The Long-Term Guided-Wave Dataset Under Real-World 
Conditions contains 7.6 million one-dimensional ultrasonic guided-wave (UGW) time-series 
signals collected by 14 piezoelectric sensors from simulated bridge metal components. Note that 
these UGW signals are not fed into the Mask R-CNN network. Instead, they are fused with visual 
segmentation outputs in the post-processing disaster-quantification module for auxiliary 
structural-state inversion, and do not provide image-level labels for instance-segmentation 
training. Ground-truth labels for visual damage categories including crack, concrete spalling, 
rockfall and surface features of bearing deformation are manually annotated by two professional 
bridge-inspection engineers with LabelMe software. Ground-truth values of crack width, spalling 
area and bearing deformation are acquired through total-station and high-precision laser-ruler 
field measurements at real mountain-bridge sites. Structural-stress ground-truth originates from 
strain sensor readings of test components. Manual annotation error for image masks is within 
3 pixels, and physical measurement uncertainty for crack width reaches ±0.5 μm. The reported 
0.68 μm prediction error of crack width is calculated on scenes with high-precision on-site 
reference measurements. The image dataset is split into training set and test set at a ratio of 7:3 by 
whole bridge-scenario units instead of random sampling of individual images. All images collected 
from one specific mountain-bridge scenario are entirely allocated to either the training set or the 
test set. Images originating from the same bridge-scenario do not appear in both subsets, avoiding 
data leakage induced by inter-correlated samples from identical bridges, monitoring periods or 
damage events. The ultrasonic guided-wave dataset follows the identical scenario-based splitting 
rule. The experimental hardware adopted equipment with CPU of Intel Core i9-13900K (3.0GHz) 
and GPU of NVIDIA RTX 4090 (24GB video memory), with memory and storage of 64GB and 2TB 
SSD respectively. In terms of software, it was based on Ubuntu 22.04 system, used Python 3.9 as 
the development language and employed PyTorch 2.0 deep learning framework, adopted OpenCV 
4.8.0 to process image data, and used Matplotlib 3.7.1 for visualization of results. The bounding box 
regression loss weight and Mask segmentation loss weight were 1.0 and 2.0 respectively, with 100 
iterations. The learning rate decayed linearly in the first 50 epochs, and the learning rate for the 
last 50 epochs was 1e-5. Detailed training hyper-parameter settings are summarized in Table 1 for 
full experimental reproducibility. 

There is no feature fusion inside Mask R-CNN network backbone between optical image and UGW 
signals; multi-source fusion is implemented only in the post-processing disaster-quantification 
module. All test images adopt the resolution of 1920 × 1080 pixels. Under the given experimental 
hardware, the average time consumption of each link is as follows: image pre-processing takes 
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28 ms, model inference takes 53 ms, post-processing including mask morphological filtering and 
multi-source data fusion takes 41 ms. In offline laboratory testing without field data-transmission 
overhead, the total processing latency is 122 ms. Data-transmission delay is not included in this 
offline test; in practical on-site deployment, additional sensor-to-device transmission latency will 
be introduced. The reported sub-one-second early-warning response time refers to offline 
laboratory processing latency excluding remote wireless transmission. The study first compared 
the Pearson correlation coefficients of each model under different early warning lead times, and 
the results were shown in Figure 7. 

Table 1. Comparison of smooth substrate classes relevant to adhesive debonding 

Hyper-parameter Value 
Optimizer SGD with momentum (momentum=0.9) 

Weight decay 0.0001 
Total epochs 100 

Batch size 2 
Initial learning rate 0.001 

Learning rate scheduler 
Linear decay: decay in first 50 epochs, final lr 

=1e-5 for epoch 51-100 
Anchor box aspect ratios [0.5, 1, 2] 

NMS threshold (proposal) 0.7 
NMS threshold (detection output) 0.5 

RoIAlign sampling points 4 
Classification loss weight 1.0 

Bounding-box regression loss weight 1.0 
Mask segmentation loss weight 2.0 
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Fig. 7. Comparison of correlation coefficients 

Figure 7(a) showed that in the training set, when the early warning lead time was 144 h, the 
Pearson correlation coefficient of the proposed model was 0.916. At this time, the Pearson 
correlation coefficients of Model 1 and Model 2 were 0.682 and 0.547, and the Pearson correlation 
coefficient of Model 3 was 0.473. In Figure 7(b), the Pearson correlation coefficient of the proposed 
model remained at a high level under different early warning lead times and was more stable 
compared to the comparison models. The above results indicated that the proposed model 
performed best in terms of correlation in disaster early warning and demonstrated stronger 
stability and precision. Subsequently, the study tested the economic loss reduction of the four 
models in mountain bridge disaster early warning tasks, and the results were shown in Figure 8. 
The percentage of economic-loss reduction reflects the relative improvement of expected economic 
loss under the model-driven early-warning mode compared with the traditional periodic manual-
inspection warning mode. The baseline reference corresponds to conventional regular manual 
inspection for mountain bridges. The comprehensive economic loss covers bridge maintenance 
expenses, traffic interruption losses and structural repair costs. Relevant economic parameters 
adopt statistical data of mountain-bridge operation and maintenance in Southwest China. This 
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indicator is calculated under fixed assumptions of disaster occurrence probability and unit repair 
cost, and it only represents relative improvement effect instead of absolute monetary loss value. 
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Fig. 8. Economic loss reduction in training set and test set 

In Figure 8(a), in the training set, the economic loss reduction of the proposed model reached 
51.23% in January. The economic loss of Model 1 decreased by 34.78% in January, while Model 2 
and Model 3 decreased by 28.64% and 24.89% respectively, all lower than the proposed model. 
This indicated that the proposed model had a positive effect on reducing the economic impact of 
disasters. As shown in Figure 8(b), the proposed model had the highest economic loss reduction 
percentage in different months in the test set, especially in February, reaching 58.46%, while the 
highest economic loss reduction percentage of the comparison models was only 48.21%. The above 
results showed that the proposed model could more effectively reduce the economic losses caused 
by mountain bridge disasters. Subsequently, the study compared the prediction results of bridge 
structural stress for the four models, as shown in Figure 9. 
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Fig. 9. Bridge structural stress prediction results of each model 

From Figure 9, it could be seen that the bridge structural stress prediction values of the proposed 
model were closer to the true values. In the training set, the proposed model exhibited only a 0.53 
MPa deviation between the predicted and actual bridge structural stress at 90 h, whereas Model 2 
showed a much larger deviation of 23.47 MPa. In the test set, the prediction points of the proposed 
model closely fitted the true value curve and performed better in capturing stress patterns. From 
this, it could be known that the proposed model had more superiority in the stress prediction task 
of mountain bridge disaster early warning and could provide more reliable technical support for 
structural safety assessment. Finally, the study compared the mountain bridge disaster early 
warning effects of the four models, and the results were shown in Table 2. 
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Table 2. Comparison of mountain bridge disaster early warning effects 

Dataset Index Proposed Model 1 Model 2 Model 3 

Training 

Disaster early warning response time 
(s) 

0.85 1.23 1.07 1.52 

Early warning false alarm rate (%) 3.21 8.57 11.34 15.68 
Rockfall early warning recall rate (%) 92.35 81.62 75.88 68.45 

Test 

Disaster early warning response time 
(s) 

0.69 1.35 1.18 1.62 

Early warning false alarm rate (%) 2.56 8.98 12.84 16.82 
Rockfall early warning recall rate (%) 93.64 80.54 73.25 65.84 

 

From Table 2, it could be seen that in the training set, the disaster early warning response time of 
the proposed model was only 0.85 s, and its bearing deformation over-threshold early warning 
false alarm rate and small-volume rockfall early warning recall rate were 3.21% and 92.35% 
respectively, all superior to the comparison models. In the test set, all performance indicators of 
the proposed model were still superior to the comparison models, and its small-volume rockfall 
early warning recall rate was the highest, reaching 93.64%. Here, the recall rates of Model 1 and 
Model 2 were 80.54% and 73.25% respectively, and the recall rate of Model 3 was the lowest at 
65.84%. The above results indicated that the proposed model could quickly and accurately provide 
early warning for mountain bridge disasters and had significant efficiency. 

4.2 Analysis of Model Practical Application Effects 

To further verify the performance effects of the disaster early warning model in practical 
applications, the study selected the public dataset from the Mountain Bridge Structure Health 
Monitoring Laboratory of Chongqing Jiaotong University to conduct performance tests on each 
model. The collection of this dataset strictly matched the actual service scenarios of mountain 
bridges and was synchronously associated with disaster quantification annotation information of 
key parts of bridges. The study first compared the crack width prediction results of different 
models in mountain bridge disaster early warning tasks, and the results were shown in Figure 10. 
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Fig. 10. Comparison of crack width prediction results 

In Figure 10, when the time was at the 9th day, the proposed model showed a difference of only 
0.68 μm between the predicted and actual crack widths. The prediction range of Model 1 was 



Jiang and Yu / Research on Engineering Structures & Materials x(x) (xxxx) xx-xx 
 

13 

relatively wide, and the difference reached 1.53 μm. The prediction values of Model 2 differed 
greatly from the true values in most time periods. The prediction values of Model 3 fluctuated 
greatly, and when the time was at the 9th day, the difference reached 20.06 μm. The above results 
indicated that the proposed model could more accurately provide key data on crack development 
for bridge disaster early warning. Next, the study tested the monitoring accuracy of each model for 
two indicators: bridge bearing deformation and the proportion of concrete spalling area on the 
bridge surface, and the results were shown in Figure 11. 
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Fig. 11. Comparison of monitoring accuracy for different indicators 

In Figure 11, the monitoring accuracy of the proposed model for both bridge bearing deformation 
and the proportion of concrete spalling area on the bridge surface reached over 90%. When the 
time was the 5th day, the monitoring accuracy of Model 1 for the proportion of concrete spalling 
area on the bridge surface was only 85.13%. From the perspective of bridge bearing deformation 
monitoring accuracy, when the time was at the 6th day, the monitoring accuracy of Model 2 and 
Model 3 were 64.91% and 62.82% respectively. The above data results indicated that the proposed 
model could more accurately monitor mountain bridge bearing deformation and concrete spalling 
on the bridge surface, and performed better in bridge structural damage monitoring tasks. Finally, 
the study compared the comprehensive performance of each model in mountain bridge disaster 
early warning tasks, and the results were shown in Table 3. 

From Table 3, it could be seen that from the perspective of model inference speed, the proposed 
model reached 18.72 fps, and its crack identification accuracy in weak light environments was also 
the highest at 88.56%. Meanwhile, the bridge bearing deformation prediction error of the proposed 
model was only 0.32mm, indicating that this model could effectively ensure the accuracy of 
structural safety assessment. 
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Table 3. Comparison of comprehensive disaster early warning indicator results 

Indicator 
Proposed 

model 
Model 1 Model 2 Model 3 

Inference speed (fps) 18.72 15.36 16.89 12.75 
mAP@0.5 (%) 92.17 84.33 80.21 74.58 

mAP@0.5:0.95 (%) 76.42 67.25 63.14 58.77 
Crack identification accuracy in weak light 

environments (%) 
88.56 76.23 72.91 69.37 

Bridge bearing deformation prediction error 
(mm) 

0.32 0.85 1.21 1.57 

F1 score for concurrent multi-disaster 
identification 

0.93 0.82 0.75 0.68 

 

The proposed model had the highest F1 score for concurrent multi-disaster identification at 0.93, 
while the concurrent multi-disaster identification F1 score of Model 3 was only 0.68. In terms of 
standard instance segmentation evaluation on test set, the proposed model achieves mAP@0.5 of 
92.17% and mAP@0.5:0.95 of 76.42%, demonstrating its competitive capability in accurate 
boundary localization for bridge disaster targets. The above data results indicated that the 
proposed model had superior comprehensive performance and had good accuracy and efficiency 
in mountain bridge disaster early warning. Detailed precision, recall and pixel-level F1 for each 
bridge defect category are listed in Table 4. YOLO11-seg is introduced as a modern one-stage 
instance-segmentation baseline for comparative evaluation to analyze the trade-off between mask 
boundary accuracy and inference speed. 

Table 4. Instance-segmentation performance comparison on test set 

Damage 
category 

Metric 
Proposed 

model 
Model 

1 
Model 

2 
Model 

3 
YOLO11-

seg 

Swin-
Transformer-
Mask R-CNN 

Crack 

Precision 
(%) 

90.12 81.77 77.24 70.16 85.41 87.33 

Recall (%) 92.88 79.64 72.17 64.22 86.27 89.15 
Pixel-level 

F1 
0.89 0.79 0.74 0.67 0.83 0.85 

Concrete 
spalling 

Precision 
(%) 

91.34 82.45 78.31 71.25 86.52 88.46 

Recall (%) 94.15 81.22 74.36 66.13 87.44 90.31 
Pixel-level 

F1 
0.91 0.80 0.76 0.69 0.84 0.86 

Rockfall 

Precision 
(%) 

89.66 80.83 76.42 69.47 84.77 86.62 

Recall (%) 93.64 80.54 73.25 65.84 87.52 90.33 
Pixel-level 

F1 
0.88 0.78 0.73 0.66 0.82 0.84 

Bearing-
deformati
on-related 

surface 
feature 

Precision 
(%) 

88.74 79.91 75.58 68.61 83.94 85.77 

Recall (%) 91.26 78.43 71.08 63.17 84.86 87.42 
Pixel-level 

F1 
0.87 0.77 0.72 0.65 0.81 0.83 

 

Five independent repeated training and evaluation runs are conducted with different random 
initialization. Key segmentation metrics exhibit limited fluctuation: the standard deviation of 
Mask‑AP is 0.72 %, and the standard deviation of pixel‑level F1 is 0.013. Such small variability 
demonstrates the stability of the proposed model under the given dataset and hyper‑parameter 
setting. From Table 4, per-defect-category metrics consistently show that the proposed two-stage 
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CBAM-ResNet-Mask R-CNN achieves higher pixel-level F1 than YOLO11-seg across all damage 
categories, which demonstrates its advantages in mask boundary segmentation accuracy benefited 
from RoI-Align operation. By comparison, YOLO11-seg as a modern one-stage model exhibits faster 
inference speed but suffers degradation in fine boundary segmentation performance. Swin-
Transformer-Mask R-CNN obtains competitive segmentation results, yet it brings heavier 
computational overhead. For mountain-bridge scenes with small-size and irregular defects, higher-
quality mask boundaries are critical for subsequent geometric quantification of crack width and 
rockfall area. 

5. Summary 

This study addresses the adaptability and real time engineering requirements for mountain bridge 
structural defect monitoring. A multi modal early warning framework based on CBAM enhanced 
ResNet Mask R CNN is proposed for instance segmentation and quantitative evaluation of bridge 
local defects including cracks, concrete spalling and rockfall impact. Benefiting from dual path 
residual blocks and CBAM attention enhancement, the proposed method suppresses complex 
mountain background interference and improves detection performance for weak small-scale 
defects. Under test set conditions, the structural stress prediction deviation reaches only 0.53 MPa, 
and the recall rate for small scale rockfall events achieves 93.64%. By fusing visual segmentation 
outputs and ultrasonic guided wave time series data, the framework realizes the mapping from 
pixel level defect geometry to structural state indicators and provides technical support for 
mountain bridge early warning practice. 

This work acknowledges that insufficient depth of multi-source data fusion may lead to incomplete 
disaster-trend prediction. Beyond that, this method exists inherent hardware-driven limitations 
originating from monocular optical imaging. Without active depth sensors such as LiDAR or RGB-
D cameras and stereo-vision systems, accurate absolute three-dimensional rockfall-volume 
quantification cannot be guaranteed. Volume estimation calculated from 2-D segmentation masks 
relies on empirical statistical parameters and will produce non-negligible estimation uncertainty. 
In addition, the optical-vision-dominated framework is vulnerable to harsh mountain 
environmental conditions. Heavy fog, rainfall and snow cover will degrade image quality and may 
reduce the detection and segmentation reliability of visual models. Although ultrasonic guided-
wave sensor signals are introduced as auxiliary inputs, they cannot fully compensate the 
performance drop of visual branches under extreme weather. 

Future work will further construct correlation models between multi-dimensional monitoring data 
and structural-defect evolution trends. To tackle the insufficient multi-source-fusion depth, two 
promising computational frameworks will be considered. The structural-health-monitoring digital-
twin (SHMDT) framework can couple visual defect measurements with physical structural 
simulation, mapping short-term visual damage observations to long-term structural bearing-
capacity evolution. Physics-informed neural networks (PINNs) will also be adopted, embedding 
structural mechanical prior knowledge into data-driven model training, to reduce the dependence 
of quantitative assessment on purely empirical fitting relations. Further field-site tests under foggy, 
rainy and snowy weather will also be carried out to improve the robustness of the whole early-
warning system. 
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