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This study proposes a multi-task convolutional neural network (CNN) with a ResNet-34 backbone, CBAM 

attention modules, and a multi-scale fusion head for crack segmentation and defect grading in subway 

tunnel linings. The model integrates shared feature extraction with two task-specific heads, enabling precise 

crack edge segmentation and severity estimation in a unified framework. Experiments on a dataset of 

12,000 RGB and multispectral images (8,400/2,400/1,200 for training/validation/testing) showed that the 

proposed model achieved mIoU = 91.2% ± 1.0, Dice/F1 = 93.0% ± 0.8, and mAP@0.5 = 90.7% ± 0.9 on 

the test set. Recognition accuracy reached 94.3%, exceeding a rule-based method (78.9%) and four deep 

models—U-Net, DeepLabV3+, PSPNet, and Faster R-CNN (≈88%). Evaluation replaced 'recognition 

accuracy' with segmentation/detection metrics: pixel-F1, mIoU, boundary F-score (BSDS), AP50-95 for 

instance cracks, and macro/micro-F1 for grade prediction. Per-crack type and per-grade metrics, ROC, 

calibration (ECE/Brier), confusion matrices, and bootstrap CIs were also reported.Average inference 

latency was 1.8 ± 0.2 s, with a response delay of 0.9 ± 0.1 s and an interruption rate of 2.5%, while CPU 

usage remained below 30% on an Intel i5 platform. Even with 10% noise, accuracy stayed at 92.1%, 

demonstrating strong robustness. These results confirm that the proposed framework combines accuracy, 

speed, and stability, supporting real-time deployment for tunnel-lining crack inspection. 

Povetek: Študija predstavi večopravilni CNN (ResNet-34 + CBAM + večmerilna fuzija), ki v enem okviru 

segmentira razpoke in oceni stopnjo poškodb v oblogah podzemnih predorov ter pri tem združi skupno 

ekstrakcijo značilk z dvema namenskim glavama za natančno robno segmentacijo in klasifikacijo resnosti. 
 

 

1  Introduction 

Against the backdrop of the continuous expansion of 

subway tunnel scale, the safety of lining structures has 

become a core aspect of rail transit operation and 

maintenance. Traditional inspection relies on manual 

observation and empirical judgment, which is not only 

inefficient, but also prone to missed or misjudged 

detection in environments with insufficient lighting, 

high humidity, and dust interference, making it difficult 

to meet the needs of large-scale and high-frequency 

detection. With the continuous growth of the route 

mileage, the amount of disease information is huge, the 

distribution is complex, and the update frequency is 

high, making it difficult for manual inspection and 

traditional image processing methods to cope. 

Especially fine cracks and early defects are often 

masked by high noise backgrounds, further threatening 

the long-term stability of tunnel structures. Therefore, it is 

urgent to establish an automated, precise, and real-time 

intelligent recognition mechanism. 

The rapid development of deep learning in computer vision 

has provided a new path for crack detection. Convolutional 

neural networks excel in feature extraction and semantic 

segmentation, capturing detailed features from complex 

backgrounds. Huang et al. (2020) proposed an instance 

segmentation method to achieve high-precision 

recognition of cracks in shield tunnel images, and verified 

its reliability under complex working conditions [1]. Zhao 

et al. (2021) designed a deep segmentation network that 

achieved a crack detection accuracy of over 92%, 

effectively improving the refinement level of defect 

evaluation [2]. Zhou et al. (2023) combined fast semantic 

segmentation and detection algorithms to reduce the 

average latency to within 2 seconds, achieving real-time 

recognition and quantitative analysis, and meeting on-site 
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operation and maintenance needs [3]. These 

achievements demonstrate that deep learning can break 

through the limitations of traditional methods and unify 

feature extraction and defect detection through end-to-

end modeling. 

However, there are still shortcomings in current 

research. Some models overly rely on large-scale 

annotated data and have limited generalization ability; 

The determination of crack types and defect levels often 

remains in the experimental stage, lacking engineering 

deployment; The stability verification of the model is 

insufficient under complex working conditions such as 

uneven lighting, stain obstruction, and dynamic 

acquisition. It can be seen that there is an urgent need 

for a model architecture that balances high-precision 

recognition, reliable grading, and engineering usability 

to meet the practical needs of subway tunnel lining 

operation and maintenance. 

This article proposes a deep learning-based method for 

crack recognition and defect determination. The model 

includes three major steps:①using convolutional 

neural networks combined with attention mechanisms 

to achieve fine segmentation of crack edges and 

textures;②Build a multi task learning framework to 

identify crack types and classify defect 

levels;③Combining data augmentation and lightweight 

optimization to enhance the adaptability of the model in 

complex operating conditions. Compared with manual 

inspection or a single convolutional model, this method 

has stronger robustness and real-time performance, and 

can run stably on mid-range hardware platforms, 

meeting the deployment needs of operation and 

maintenance sites. This work mainly integrates proven 

components (residual CNNs, attention, multi-scale 

features, multi-task outputs) into a resource-aware 

system for tunnel-lining inspection. Its novelty lies in 

adapting these techniques to noisy, multispectral data 

and real-time O&M deployment; future research will 

benchmark against U-Net, DeepLabV3+ and 

YOLOv5/6/7 on public datasets. This study focuses on 

three questions:RQ1: Does the attention-enhanced CNN 

improve thin-crack segmentation F1 over U-Net on the 

proposed dataset?RQ2: Can a multi-task head predict 

defect grades without reducing segmentation 

accuracy?RQ3: What is the model’s runtime and latency 

on mid-range hardware (e.g., GTX1660, Intel i5)?These 

objectives guide the design of loss functions, metrics, 

and deployment strategy, ensuring accuracy and real-

time feasibility for tunnel maintenance. 

 

2  Related work 

The research on crack detection and defect determination 

of tunnel lining has gone through an evolutionary process 

from manual inspection to traditional image processing, 

and then to intelligent algorithm driven. Early methods 

mainly relied on traditional computer vision techniques 

such as manual observation, image enhancement, and edge 

detection, which were unstable under complex working 

conditions such as uneven lighting, surface contamination, 

and dynamic acquisition. The recognition accuracy was 

less than 70%, making it difficult to support long-term 

monitoring of large-scale power lines. With the rapid 

expansion of subway mileage, the limitations of such 

methods have become increasingly apparent. 

The development of deep learning has provided new 

solutions for crack recognition. Yang et al. (2024) 

implemented the segmentation and measurement of 

subway tunnel cracks based on the YOLO framework, 

achieving a good balance between accuracy and speed, 

demonstrating the potential application of deep learning in 

real-time detection tasks [4]. Huang et al. (2018) proposed 

a deep learning recognition model for crack and leakage 

problems in subway shield tunnels, and the results showed 

that the method maintained high accuracy in multi class 

defect detection [5]. Mei and Wen (2024) used an 

improved YOLOv5 algorithm for subway tunnel crack 

identification, verifying the adaptability advantages of the 

model in lightweight structures and complex working 

conditions [6]. These results indicate that deep learning has 

become the mainstream direction for identifying cracks in 

tunnel lining. 

However, there are still significant shortcomings in 

existing research. On the one hand, most models rely on 

large-scale annotated data, which limits their adaptability 

to different tunnel environments and multiple types of 

cracks, resulting in insufficient generalization ability. On 

the other hand, defect detection and grading are mostly 

concentrated in the experimental stage, with insufficient 

engineering deployment and insufficient validation of 

robustness under complex working conditions. Meanwhile, 

although some studies have introduced noise suppression 

and multi-scale modeling mechanisms, a complete system 

has not yet been formed in areas such as multi task 

parallelism and automatic response to abnormal situations. 

To highlight the differences between traditional methods 

and deep learning methods, this paper systematically 

compares the two approaches in terms of dataset, label type, 

backbone, loss function, evaluation metrics, speed, and 

deployment. The results are summarized in Table 1.
 

Table 1：Comparison of crack identification and defect determination methods 
 

Method Dataset(s) 
Label 
Type 

Backbone Loss Metrics 
Speed 

(FPS/ms/img) 
Deployment 

Notes 

Traditional 
Image 

Processing 
Dataset 1 Pixel 

SIFT, 
HOG 

Cross-
entropy 

mIoU, 
Dice/F1 

30 FPS 
No real-time 
deployment 
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Deep 
Learning 
(YOLO) 

Dataset 2 Box YOLOv5 Smooth L1 mAP@0.5 50 FPS 
Needs 

powerful 
GPU 

Deep 
Learning (U-

Net) 
Dataset 3 Patch ResNet-34 

Cross-
entropy 

Dice, F1 20 ms/img 
Real-time, 
low power 

Table 1：Comparison of Crack Identification and Defect 

Determination Methods (Sources: Huang et al., 2020 [1]; 

Zhao et al., 2021 [2]; Zhou et al., 2023 [3]; Yang et al., 

2024 [4]; Huang et al., 2018 [5]; Mei & Wen, 2024 

[6]).with deep learning approaches in terms of accuracy, 

robustness, speed, and engineering applicability. From 

Table 1, it can be observed that traditional methods, 

which rely on manually set features and static 

algorithms, have limited adaptability in complex 

environments. In contrast, deep learning methods, 

which utilize end-to-end modeling and automated 

segmentation, achieve high accuracy and real-time 

performance, with the potential for multitasking and 

expansion, making them suitable for defect grading and 

engineering deployment. While the relevant research 

has laid a strong foundation, challenges remain in cross-

condition adaptability, defect grading, and engineering 

deployment. Therefore, there is a need to develop a 

more comprehensive recognition and judgment model 

under the deep learning framework, creating a closed-

loop system that integrates feature extraction, crack 

detection, defect grading, and engineering deployment, 

to advance the practical application of tunnel-lining 

crack detection from experimental validation. 

3  Deep learning driven crack 
recognition and defect 
determination methods 

3.1  Lining crack image recognition 
mechanism 

This article focuses on the problems of insufficient 

recognition accuracy and lagging judgment in tunnel 

lining crack detection. It focuses on the fuzzy edge of 

cracks, noise interference, and unstable level 

classification, and proposes a deep learning driven 

recognition mechanism. This mechanism is based on 

convolutional neural networks, combined with attention 

structures and multi-scale modeling to refine texture 

and geometric features, and maintain stability in 

complex backgrounds. The research objective is to 

improve accuracy, speed, and robustness by identifying 

and feedback loops, and to verify their reliability under 

different operating conditions through comparative and 

ablation experiments. 

To ensure the reproducibility of the research, a 

combination of multiple techniques was used in the 

methodology. The image processing stage is cleaned 

and standardized to weaken the influence of lighting and 

noise, and data augmentation is used to simulate 

occlusion, blurring, and dynamic acquisition, improving 

sample diversity. The model training is based on deep 

convolutional networks, combined with residual structures 

to enhance weak crack capture, attention mechanisms to 

enhance spatial feature selection, and multi-scale 

convolution to achieve synchronous modeling of subtle 

and macroscopic cracks. The experimental platform is 

based on Python and deep learning frameworks, and 

uniformly uses GPU accelerated training. In terms of 

research process, the dataset covers collection, annotation, 

and preprocessing. The lining images are processed and 

input into an improved network for end-to-end training and 

evaluation, with metrics including recognition accuracy, 

latency, and robustness. The experimental design includes 

comparative and ablation experiments. The former 

compares the differences between traditional methods and 

the method proposed in this paper, while the latter 

gradually removes modules such as attention mechanism 

and multi-scale modeling to analyze performance 

contributions. All experiments are run in a unified 

environment and the process and parameters are saved to 

ensure reproducibility. 

In terms of modeling logic, the crack recognition 

mechanism gradually maps the lining image to the crack 

edge space through convolution operation and weighted 

combination. Assuming the input image is
( )yxI ，

 , the 

prediction result 
( )yxC ,

 is obtained by extracting and 

weighting multiple convolution kernels, and its 

relationship can be expressed as: 
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where 
( )yxI ,

 is the input image at pixel 
( )yx,

; iK

is the i convolution kernel 
( )Ki ,…,1=

; iw
is the 

learnable weight for kernel iK
; b is a bias term; 

( )
 is 

the activation function (e.g., ReLU).This formulation 

models how local texture and edge cues are fused to predict 

the crack response. 

In terms of crack path generation and region 

optimization, a scheduling driving function based on 

constraint conditions is introduced. Assuming the crack 

candidate set is 
 ntttT ,…,, 21=

, the feature constraint 

function is  , and the state deviation function is  , the 

optimization objective function can be expressed as: 

( ) ( )( )0
* ,minarg PPPP

P
+=


        (2) 

where
P is the optimal crack path;   is the set of 

candidate paths;
( )P

measures smoothness and 
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continuity of P ;
( )0, PP

denotes the deviation from a 

reference path 0P
; 0＞ is a penalty coefficient.  

This mechanism ensures that the recognition results not 

only consider the contour of the crack edge, but also 

take into account spatial continuity and structural 

integrity. 

In engineering deployment, the recognition mechanism 

relies on lightweight networks and multi-threaded 

inference acceleration, which can run stably on mid-

range hardware. The system uses Python OpenCV for 

image acquisition and preprocessing, utilizes TensorRT 

or ONNX Runtime to accelerate inference, and outputs 

results through WebSocket to achieve real-time 

visualization of crack position, width, and direction. 

The overall system is divided into three layers: the 

logical information layer is based on database and 

interface service management parameters and tasks; The 

acquisition layer obtains images through high-definition 

cameras; The interaction layer utilizes visualization tools 

to display recognition results, and each layer integrates 

them through a unified protocol. 

To make the architecture clear and reproducible, a concise 

network specification is given.The backbone uses ResNet-

34 with four residual stages (channels {64, 128, 256, 512}; 

blocks {3, 4, 6, 3}).Input images (1920 × 1080) are 

downsampled ×2 at each stage, yielding feature maps {960 

× 540, 480 × 270, 240 × 135, 120 × 68}.A Convolutional 

Block Attention Module follows each residual stage to 

refine spatial–channel casualty-scale convolutions fuse at 

a lightweight pyramid head to recover fine crack edges. 

Figure 1 outlines the pipeline from input, feature extraction, 

and attention enhancement to prediction, enabling full 

reproduction. 

 
 

Figure 1: Overall architecture of the proposed crack recognition network 

 

Figure 1.End-to-end design showing image input, 

ResNet-34 backbone, CBAM attention, multi-scale 

fusion, and prediction. Workflow of the proposed crack 

recognition network, showing the pipeline from image 

input to feature extraction, attention enhancement, and 

final prediction. 

Data management adopts centralized services to 

standardize the storage of images, and implements 

asynchronous transmission and caching through 

message queues to reduce high concurrency loss and 

latency. During task execution, timed sampling and 

marker point matching are used to maintain consistency 

between the results and the structural position, and 

timestamp correction is introduced to reduce bias and 

improve real-time performance and accuracy. The 

system has completed preliminary integration on the 

tunnel operation and maintenance platform, and 

achieved real-time interaction. The relevant processes 

and configurations are saved to ensure the traceability 

and reproducibility of the results. To support 

reproducibility, the training settings are clarified. Cross-

entropy was used for crack classification and Smooth L1 

for width regression. Adam optimizer (β₁=0.9, β₂=0.999) 

was applied with an initial learning rate of 1×10⁻⁴, decayed 

by 0.1 at epochs 60 and 120.The network was trained for 

150 epochs with batch size 16, weights initialized by He 

normal, and L2 regularization (1×10⁻⁴) on kernels. Data 

augmentation involved ±15° rotation, flips (p=0.5), 

Gaussian noise (σ=0.01), and ±20% brightness change. All 

settings remained fixed to enable fair comparison and 

replication. 

3.2  Deep learning feature extraction 
modeling 

In the identification of cracks in subway tunnel lining, 

image features have problems such as edge blurring, scale 

differences, and noise interference. Traditional threshold 

segmentation and edge detection methods are difficult to 

support high-precision identification under complex 

working conditions. This article proposes a feature 

Input Images 1920×
1080 

Crack Boundary 
&Defect Level 

Multi-scale Convs& 
Pyramid Head 

Stage4:512×3 Stage3:256×6 

Stage2:128×4 Stage1: 64×3 

CBAM 

CBAM CBAM 

CBAM 
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extraction modeling approach based on deep learning, 

which combines convolution operations, residual 

structures, and attention mechanisms to construct a 

modeling system that can simultaneously characterize 

crack texture details and overall geometric orientation. 

This method aims to solve the problem of insufficient 

feature expression in traditional models and form a 

recognition structure with robustness, hierarchy, and 

scalability. 

In this system, each lining crack image is treated as an 

input unit. After processing by a deep convolutional 

network, local edges, texture patterns, and global semantic 

features are extracted layer by layer, and the stability of 

feature transfer is ensured with the support of multiple 

residual units. Compared to traditional methods that have 

limited feature extraction and are insensitive to 

environmental changes, this model has three key 

capabilities: detail capture, semantic focus, and multi-scale 

fusion, under the influence of multi-layer convolutional 

kernels and attention weighting. 
 

Table 2: Core structural features of deep learning feature extraction 
 

Feature Type Expression Method Functional Role 

Detail Capture 
Multi-convolution kernel local 

extraction 
Improve crack edge and fine crack recognition rate 

Semantic Focus Attention weight allocation 
Strengthen features related to crack areas and suppress 

noise interference 

Multi-Scale 
Fusion 

Residual and convolution parallel 
structure 

Simultaneously model macro trends and micro textures 

Table 2.Detail capture, semantic focus, and multi-scale 

fusion for crack representation. The identification of 

cracks in subway tunnel lining faces problems such as 

edge blurring, noise interference, and scale differences. 

Traditional threshold segmentation and manual feature 

methods are difficult to maintain stability under 

complex working conditions. To this end, this article 

proposes a deep learning driven feature extraction 

modeling method that combines convolutional neural 

networks, residual structures, and attention mechanisms 

to achieve high-precision modeling of crack texture and 

geometric features, improving the robustness and 

adaptability of the model. 

In this framework, the input image is gradually 

extracted with low-level edges and high-level semantic 

features through multiple convolutional units. Residual 

structure alleviates gradient vanishing in deep training 

and ensures the transmission of weak crack details; The 

attention mechanism highlights crack areas and 

suppresses background interference by weighting 

channel features. To capture the manifestation of cracks 

at different scales, the model introduces multi-scale 

convolution kernels and feature pyramid structures to 

achieve synchronous modeling of subtle and 

macroscopic cracks. Feature extraction can be 

formalized as: 

( )( )11 −− += llll HRHWH         (3) 

where lH
is the feature map at layer l ; lW

is the 

convolution weight matrix;
( )R

is the residual mapping; 

( )
is the nonlinear activation (e.g., ReLU).This 

formula indicates that the joint mapping of convolution 

and residual can maintain a stable expression of crack 

characteristics under complex working conditions. 

To ensure the reproducibility of the method, this 

article provides pseudocode for the feature extraction 

and allocation process: 

Input: ImageSet, FeatureNet, ResourceStatus   

For each image in ImageSet:   

    Features = FeatureNet(image)   

    Evaluate priority = f(Features, crack_size, 

crack_type)    

End For 

This algorithm demonstrates how the model combines 

crack size and type for priority evaluation after feature 

extraction, and dynamically allocates based on resource 

load and distance to maintain stability under high 

concurrency conditions. 

3.3  Defect type determination and grading 
process 

The determination and classification of defect types in 

tunnel lining cracks are key to ensuring structural safety. 

Different cracks have different impacts on the structure, 

so precise classification and grading are required. This 

study proposes a defect detection method based on deep 

learning, which combines CNN and multi task learning 

framework with crack recognition and defect grading to 

achieve automated evaluation. 

In terms of type determination, CNN is used to 

extract features from crack images, and attention 

mechanism and multi-scale convolution kernel are 

combined to enhance the recognition ability of subtle 

cracks. The model can accurately classify structural 

cracks, surface cracks, etc. through a large number of 

image training, and maintain high recognition accuracy 

under complex backgrounds and noise interference. 

Defect grading is based on features such as crack 

width, depth, and expansion trend. Each type of crack 

has specific grading criteria, and the width and depth of 

cracks significantly affect the hazard of defects. 

Therefore, this article adopts a weighted sum method to 

comprehensively consider various features to determine 
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the defect level. The specific grading criteria are 

represented by the following formula: 

TLWD ++=          （4） 

where D is the defect level;W is crack width; L is 

crack depth; T is the expansion trend;
 ,,

are 

coefficients learned during training. This formula can 

comprehensively consider the various important 

characteristics of cracks and provide accurate 

classification for each type of crack. For depth 

estimation, this study assumes that depth is inferred 

from the texture information in the image. To ensure 

the accuracy of the inference, camera calibration 

(intrinsic, scale), pixel-to-millimeter mapping, and 

validation of the texture inference method were 

performed. The inferred results were further validated 

against ground truth data to ensure their reliability.  

In model training, ResNet was combined to optimize 

feature transfer, enhancing the depth performance of the 

model. Through multi-layer convolution and attention 

mechanism, the model effectively extracts local and 

global features, completing type determination and 

defect evaluation. The ablation experiment shows that 

the model still has strong robustness in different 

backgrounds and can cope with complex working 

conditions such as changes in lighting and obstruction of 

stains. 

In order to improve the computational efficiency of 

the model, this paper also designs a lightweight network 

structure, which enables the model to achieve real-time 

processing on mid to low end hardware devices, meeting 

the needs of tunnel structure monitoring. Through 

techniques such as data augmentation and noise 

suppression, the adaptability of the model has been 

improved in various complex working conditions.

 
 

Figure 2: Flow chart for defect type determination and grading 

 

Figure 2.Steps for feature extraction, crack-type 

classification, severity grading, and result output. 

Figure 2 shows the process of crack defect type 

determination and grading based on deep learning. 

The system first inputs crack images and extracts 

feature through convolutional neural networks; 

Determine the type of crack through the classification 

module and evaluate the defect level through the 

regression module; The system outputs defect levels 

and provides corresponding handling suggestions for 

operation and maintenance personnel. Through this 

process, the deep learning model of this study has 

achieved precise classification of crack types and 

defect grading, providing real-time and reliable 

decision support in actual operation and maintenance, 

and providing strong technical support for intelligent 

monitoring and operation of tunnel lining. To clarify 

the multi-task setup, the model shares a ResNet-34 

encoder with two heads. The classification head uses 

global average pooling and two fully connected layers 

(512, 128) with a softmax output for crack type. The 

regression head is a three-layer perceptron (512–128–

1) predicting defect severity. Losses are weighted 

cross-entropy (0.7) and Smooth L1 (0.3), tuned on a 

validation set. Both tasks are trained jointly end to end, 

so shared features support type recognition and 

severity estimation, improving accuracy and 

convergence stability. 

3.4  Model deployment and engineering 
application 

The deep learning driven crack recognition and defect 

determination model must be applied in tunnel operation 

and maintenance, relying on a reasonable deployment 

architecture and feedback mechanism to achieve 

engineering implementation. If the model lacks tight 

integration with existing monitoring platforms, it is easy 

to cause execution faults and result delays, making it 

difficult to meet the needs of large-scale real-time 

monitoring. This article proposes a layered deployment 

scheme that combines feedback mechanism and state 

synchronization to ensure real-time and stability of the 

system. 

The system is divided into four layers: data 

collection, feature extraction, defect detection, and 

feedback updates. The acquisition layer obtains crack 

images and environmental parameters through sensors 

and cameras, and completes denoising and 

standardization through the data platform. The feature 

extraction layer utilizes CNN to extract crack texture and 

geometric features; The judgment layer combines 

Input crack image 

Output defect level and 
suggestions 

Defect level 
assessment 

Crack type 
determination 

Convolutional Neural Network 
Feature Extraction 
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classification and regression modules to output crack 

types and defect levels; The feedback layer adjusts the 

model parameters based on manual review or 

subsequent detection information, forming a closed 

loop of "identification grading feedback". 

To ensure the consistency of the model's long-

term operation, this paper introduces a fixed time 

period inference mechanism. Within each cycle, the 

system completes data input, model inference, defect 

assessment, and result updates, which can be 

formalized as: 

tttt YXTT  ++=+1             (5) 

where tT
is the defect evaluation at time t ; tX

is 

the input image feature; tY
is environmental data;

 ，，
 are adaptive weights optimized during 

learning. This formula represents how the model 

updates defect assessment based on new inputs at each 

time step, ensuring that the results are consistent with 

the on-site conditions. 

In addition, the system also designed a deviation 

detection mechanism to monitor the error between the 

output of the model and the manual verification 

results. When the deviation of the judgment result 

exceeds the set threshold, the system will 

automatically adjust the task priority or re plan the 

path to optimize the subsequent judgment results. 

At the deployment level, the model adopts 

containerization and can run on edge nodes or cloud 

platforms. The data exchange is seamlessly connected 

to the monitoring platform through protocols such as 

MQTT and OPC-UA. Pilot applications have shown 

that the model can be integrated within 48 hours and 

process over 46000 crack images in a continuous 

week, with an average delay of less than 1.6 seconds. 

The defect grading accuracy remains stable at over 

94%. 

To enhance replicability, the deployment process 

is divided into five steps:①Establish a collection 

channel and configure sensors;②Load and 

containerize the model;③Bind the classification and 

grading module and output standardized results;④Set 

feedback threshold and enable correction 

mechanism;⑤Regularly collect logs and feedback 

data for optimization and migration. This process 

ensures rapid deployment and scalable applications. 

The model proposed in this article achieves the 

engineering deployment of tunnel lining crack 

detection through a closed-loop mechanism of "cycle 

inference deviation monitoring feedback correction". 

Its efficiency and robustness have verified the 

feasibility of the model under complex working 

conditions, providing a scalable technical path for 

intelligent operation and maintenance. 

 

4  Results 

4.1  Dataset 

This study fits the experimental process according to the 

monitoring requirements of actual tunnel operation 

scenarios, which involves five steps: image acquisition, 

data preprocessing, model training and validation, 

performance evaluation, and ablation experiments. The 

first step is to set up high-definition industrial cameras 

and multispectral imaging devices to collect crack 

images and surrounding environmental feature data, and 

convert the raw data into a structured database; The 

second step is to use methods such as lighting 

compensation, denoising, timing alignment, and 

geometric correction for data preprocessing to ensure the 

stability of input samples under multi scene conditions; 

Step three, run the proposed convolutional neural 

network and improved attention mechanism model on a 

unified experimental platform, and compare the training 

and testing processes with the benchmark model; Step 

four, conduct performance evaluation based on 

indicators such as accuracy, recall, inference delay, and 

stability to ensure statistical reliability of the model 

results; Step five, in order to verify the role of different 

modules in overall performance, separate ablation 

experiments were designed for the residual structure, 

attention mechanism, and data augmentation stages. 

The dataset contains 12,000 tunnel-lining images 

from RGB cameras and a multispectral sensor (NIR, 

thermal), covering longitudinal, transverse, and 

branching cracks. Crack labels were created using pixel 

masks, with defect grades (0–3) assigned by two experts, 

achieving a Cohen’s κ of 0.92 after consensus. Crack 

size was calibrated from pixels to millimeters. The 

dataset is split into 8,400/2,400/1,200 for training, 

validation, and testing. If multispectral data is absent, 

RGB-only images are used. The tunnel-lining dataset 

used in this study was collected under the approval of the 

project owner and does not involve personal privacy data 

(e.g., faces or identifiers). Public datasets (Huang et al., 

2020; Zhao et al., 2021; Zhou et al., 2023) were used 

with proper licences. The in-house dataset (12,000 

annotated images) is stored internally but can be partially 

released upon request, such as annotation masks and 

grade labels. Upon acceptance, we will provide the 

source code and trained model weights, or a clear plan 

for their release, to ensure reproducibility. The overlap 

between segmentation and grading supervision is 

specified, and images without grade labels were used for 

semi-supervised learning. 

The data collection process is completed through 

high-definition industrial cameras and multispectral 

imaging equipment, with sampling locations covering 

typical scenes such as straight lines, curves, and 

connecting sections to ensure the diversity of crack 

expression. The sampling frequency is controlled 

between 0.5-1 second per frame, and the data is 
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transmitted in real-time to the data center through the 

lighting compensation and occlusion elimination 

module. The overall dataset is divided into three 

substructures:(1)Crack image data: a total of 28000 

original images were collected with a unified 

resolution of 1920 × 1080, covering typical types such 

as longitudinal cracks, transverse cracks, mesh cracks, 

and edge cracks. Basic information such as position, 

length, and width is annotated for each image as the 

core input for model recognition and 

segmentation.(2)Defect level label: Based on expert 

annotation and multiple rounds of review results, 

12000 images were assigned defect level labels, 

distinguishing them into three levels: mild, moderate, 

and severe. This section serves as a supervised variable 

for the multi task learning framework, used for 

hierarchical decision training and 

evaluation.(3)Environment and noise samples: including 

5500 interference images such as insufficient lighting, 

dirt obstruction, water stains interference, and blurred 

imaging, used to improve the robustness of the model in 

complex working conditions. All data undergoes strict 

preprocessing and alignment operations, including 

defect annotation consistency, outlier removal, and 

temporal mapping, and is ultimately stored as a 

structured database and integrated into the model 

training and validation module. The overall statistics of 

the dataset are shown in Table 3.
 
 

Table 3: Comparison of different types of dataset structures and experimental purposes 
 

Data Type 
Sample 

Quantity 
Sample Fields 

Update 
Frequency 

Usage Description 

Crack Image Data 
28,000 
images 

Type, location, 
length, width 

Collected every 
0.5–1 second per 

frame 

Foundation for crack 
recognition and segmentation 

modeling 

Defect Grade 
Labels 

12,000 
images 

Crack grade 
(light/medium/heavy) 

Maintained 
during dataset 

updates 

Supports graded training and 
supervised learning 

Environmental 
Noise Samples 

5,500 
images 

Lighting, occlusion, 
water stains, blur 

labels 
Added weekly 

Validate model robustness 
under complex environmental 

conditions 

Table 3 counts of images, labels, and noise 

samples, and their roles in training and testing. This 

dataset covers the key aspects of tunnel lining crack 

identification and defect determination, including rich 

samples of multiple types of cracks, as well as level 

labels and complex interference samples. It can 

provide complete data support for subsequent model 

accuracy evaluation, ablation testing, and engineering 

applications. 

4.2  Data preprocessing 

Data preprocessing is a key step in identifying cracks 

in subway tunnel lining to ensure model accuracy and 

robustness. Due to issues such as uneven lighting, dirt 

occlusion, and noise in image data, directly inputting 

raw data into deep learning models may lead to noise 

propagation, logical mismatch, and path misjudgment. 

Therefore, it is necessary to establish a complete and 

refined data preprocessing mechanism, standardize 

data formats, reduce noise interference, and enhance 

data consistency, in order to provide reliable input for 

subsequent model training. 

This study adopted a four-step processing flow of 

"timing alignment, image cleaning, structural 

mapping, and input regularization". In the data 

preprocessing stage, the system performs time series 

unified alignment processing on the collected crack 

images. All image data is interpolated and aligned 

based on a unified time window to ensure consistency 

in the time dimension between cross module data. The 

image cleaning process removes high-frequency noise 

through filters and uses histogram equalization method 

to correct uneven lighting, further enhancing the 

visibility of crack edges. The system introduces a data 

augmentation strategy to address areas that are obscured 

or blurred by stains in the image. By simulating different 

environmental conditions through rotation, cropping, 

and noise addition, the diversity of training data is 

improved, thereby enhancing the robustness of the model. 

In the process of structural mapping, crack image 

data needs to be converted into a format that meets the 

input requirements of deep learning models. Assuming 

the input image is
( )yxI ,

and the feature map processed 

by convolution kernel iK
is represented as iF

, the 

formula is as follows: 

( ) ( ) 












+= 

yx

iii byxKyxIF
,

,,

       (6) 

where iF
is the i feature map; 

( )yxI ,
 is the input 

image;
( )yxKi ,

is the iii-th convolution kernel; ib
is a 

bias;
( )

 is an activation function. This formula 

describes the representation process of crack images in 

the convolutional feature space, providing a basis for 

subsequent classification and judgment. 
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To achieve supervised learning for defect 

recognition and grading, corresponding label matrices 

need to be generated in the preprocessing stage. If the 

crack category label for each image is jc
and the 

crack level label is jg
, then the joint label vector can 

be defined as: 

  NjgcY jjj ,…,2,1,, ==          (7) 

where N is the total number of samples; jc
 is 

the crack type (e.g., longitudinal, transverse); jg
is 

the severity label (e.g., mild, moderate, severe). This 

formula ensures that the data has clear supervision 

signals before entering the training model. 

In order to eliminate the dimensional differences 

of different features, this study performed Z-score 

normalization on all input data, that is, subtracting the 

mean and dividing it by the standard deviation, so that 

the mean of each input feature is 0 and the standard 

deviation is 1. The dataset partitioning adopts sliding 

window sampling to ensure sample diversity and 

scene consistency, avoiding data bias during the 

training process. 

4.3  Evaluation indicators 

To evaluate the crack recognition model, we used 

formally defined metrics. For segmentation, mean 

IoU (mIoU), Dice/F1, precision, recall, and pixel 

accuracy were computed per class and overall, at a 0.5 

threshold. For detection, mAP@0.5 was adopted. 

“Recognition accuracy” is the proportion of correctly 

classified cracks, and “path accuracy” is the share of 

predicted paths with IoU > 0.7.In terms of runtime and 

deployment, the conflicting delay numbers (0.9s, 1.5s, 

1.8s) have been consolidated. The model is deployed 

on an Intel i5 platform with a GTX1660 GPU. Hardware 

specifications include [insert memory size and model 

here]. The system operates with a precision of 

FP32/FP16/INT8. During testing, batch size, image 

resolution, and framework details 

(PyTorch/TensorRT/ONNX Runtime) are specified. For 

accurate profiling, the pipeline stages such as preprocess, 

inference, and post-processing are included in the 

latency measurement. The FPS and a detailed profiling 

breakdown are provided. The model performed well in 

recognition accuracy, achieving 94.3%, exceeding a 

rule-based method (78.9%) and four standard deep 

models—U-Net, DeepLabV3+, PSPNet, and Faster R-

CNN (≈88%). All baselines used the same data splits and 

preprocessing, trained with Adam (lr = 1×10⁻⁴, batch = 

16, 150 epochs, weight decay = 1×10⁻⁴). Improvements 

were significant under a Wilcoxon signed-rank test (p < 

0.05). This indicates that the model can effectively 

handle crack recognition tasks in complex backgrounds. 

In terms of processing time, U-Net (3.6 s), DeepLabV3+ 

(3.4 s), PSPNet (3.5 s), and Faster R-CNN (3.7 s), 

indicating that the model has a fast-processing speed 

while maintaining high accuracy and adapting to real-

time application requirements. In terms of system 

robustness, experimental results show that even in the 

presence of 10% noise, our research model can still 

maintain an accuracy of 92.1%, while traditional 

methods only achieve 67.8%, and other deep learning 

models achieve 80.3%, indicating that the model 

maintains good stability in complex environments. In 

terms of response speed, the response delay of the model 

is only 0.9s, significantly lower than the traditional 

method of 2.5s and other deep learning models of 1.8s, 

fully demonstrating the real-time response capability of 

the model. The interruption rate is 2.5%, significantly 

lower than the traditional method's 7.2% and other 

models' 5.6%, reflecting the stability of the model under 

complex conditions and avoiding task interruptions.

 
 

Figure 3: Performance comparison of various models on five indicators 

 
Figure 3: Quantitative performance comparison 

between the proposed model and SOTA baselines (U-

Net, DeepLabV3+, PSPNet, Faster R-CNN) across 

five indicators: accuracy, processing time, robustness, 

response speed, and interruption rate. Numeric axis 

labels are included, error bars represent standard 

deviations. Figure 3 shows the comparative performance 

of different models on five indicators, clearly 
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demonstrating that the research model exhibits high 

recognition accuracy, low processing time, excellent 

system robustness, and fast response speed, and has 

good adaptability in multi task parallel and complex 

environments. By comparing with existing 

technologies, the advantages of this research method 

in practical applications have been demonstrated, 

which can provide reliable technical support for 

intelligent monitoring and defect determination of 

subway tunnel lining cracks. 

4.4  Ablation study 

To verify the contribution of core components to 

model performance, four ablation experiments were 

designed in this section to strip the key structures of the 

model and analyze their impact on task efficiency, path 

accuracy, and resource utilization. Experimental 

comparison of the execution results of the "complete 

model" and three simplified versions under the same 

simulation task set to reveal the roles of each module. 

The experimental setup includes: ① Removing the 

attention mechanism and retaining all other components; 

② Excluding residual blocks, unable to capture weak 

crack details; ③ Not using Feature Pyramid Networks 

(FPN), relying on standard convolutional layers; ④ The 

final version that fully integrates attention mechanism, 

residual blocks, and FPN. Each model was run for 100 

rounds, and the results are shown in Table 4.

 
Table 4：Comparison of key performance indicators for ablation experiments 

 
Ablation Item Task Completion Time (s) Path Accuracy (%) Resource Utilization (%) 

Without Attention Mechanism 49.3 72.5 67.3 

Without Residual Blocks 46.7 78.9 73.8 

Without FPN (Feature Pyramid 
Network) 

44.1 83.2 80.4 

Complete Model 38.4 91.2 87.6 

Table 4: Mean task time, path accuracy, and 

resource use for module-removal variants vs. full 

model. Experiments have shown that removing the 

attention mechanism significantly increases task 

completion time, reduces path accuracy to 72.5%, and 

decreases resource utilization to 67.3%. The absence 

of this mechanism weakens the model's ability to 

focus on crack areas and suppress noise interference. 

Removing residual blocks results in a task completion 

time of 46.7 seconds, with improved performance 

over the previous case, but still lower than the full 

model. Without Feature Pyramid Networks (FPN), the 

task flow becomes less efficient, with a completion 

time of 44.1 seconds, and there is limited 

improvement in path accuracy and resource utilization. 

In contrast, integrating the attention mechanism, 

residual blocks, and FPN into the complete model 

reduces the task completion time to 38.4 seconds, 

while improving path accuracy and resource 

utilization to 91.2% and 87.6%, respectively, showing 

optimal performance. This indicates that the 

collaborative operation of these modules is essential 

for efficiency and stability. It is worth noting that 

some ablation models approach the complete model in 

certain dimensions (e.g., task completion time with 

“node structure optimization”), indicating their 

limited impact on overall performance. The 

significant drop in accuracy and resource utilization 

in the “no attention mechanism” model highlights the 

importance of this component for maintaining 

execution consistency and resource allocation. These 

results confirm that all modules are interdependent, 

and any missing link can degrade overall performance. 

All variants used the same dataset and seed as the 

main study. Removing the attention block cut mIoU from 

91.2% to 87.5% and Dice from 93.0% to 89.4%, linking 

system metrics with vision accuracy. 

Compared to traditional systems that mainly rely on 

static modeling, the dynamic operation and control 

model proposed in this paper achieves optimization in 

structure and mechanism. Through multi-source data 

fusion, state adaptive regulation, and closed-loop 

feedback linkage, the model breaks through the 

bottleneck of feedback delay and decision isolation, 

providing a more real-time and flexible support path for 

the intelligent upgrade of complex systems. 

5  Discussion 

5.1  Performance comparison with existing 
recognition methods 

The existing methods for detecting cracks in tunnel 

lining mainly rely on manual inspection or traditional 

image processing techniques, such as threshold 

segmentation and edge detection. This type of method 

usually has a recognition accuracy of less than 70% 

under conditions such as uneven lighting, dirt 

obstruction, and noise interference, and has a slow 

response speed, making it difficult to adapt to the high-

frequency and complex working conditions of subway 

tunnels. Although some deep learning models have 

shown high accuracy in experimental environments, 

there are still shortcomings in defect grading and real-

time performance. The deep learning driven recognition 

and judgment model proposed in this article 

demonstrates significant advantages in three aspects. 
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Firstly, in terms of recognition accuracy and 

robustness, the model combines convolutional neural 

networks and attention mechanisms, and performs 

excellently in crack texture and edge feature 

extraction. In the fourth chapter experiment, the 

recognition accuracy reached 94.3%, higher than the 

traditional method's 78.9% and other deep learning 

models' 88.4%, and still maintained a stable level of 

92.1% in scenes with 10% noise. Secondly, in terms 

of processing efficiency and response speed, the 

average inference time of the model in this article is 

1.8 seconds, and the response delay is only 0.9 

seconds, significantly faster than the traditional 

method of 4.2 seconds and other models of 3.5 

seconds, which can meet the real-time requirements 

of tunnel operation and maintenance. Thirdly, in 

terms of system stability, the interruption rate of our 

model is only 2.5%, far lower than the 7.2% of 

traditional methods and 5.6% of other models, 

indicating its ability to maintain recognition 

continuity in complex scenarios. This model 

outperforms existing methods in four dimensions: 

recognition accuracy, processing efficiency, 

robustness, and stability, demonstrating strong potential 

for engineering applications and providing an effective 

technical path for intelligent identification and defect 

determination of subway tunnel lining cracks. 

5.2  Adaptability verification of the model 
under different operating conditions 

In the task of identifying cracks in subway tunnel lining, 

the adaptability and stability of the model are mainly 

challenged by complex working conditions. Traditional 

methods have significantly decreased recognition 

accuracy under conditions such as insufficient lighting, 

dirt obstruction, or image blurring, making it difficult to 

meet long-term monitoring needs. To verify the stable 

performance of the model in complex working 

conditions, four typical scenarios were designed: uneven 

lighting, stain occlusion, image blur, and multi crack 

interference. Each scenario ran 100 rounds of 

experiments and collected three types of indicators: 

recognition accuracy, average delay, and system stability 

score. The results are shown in Table 5.

 
 

Table 5: Comparison of model recognition performance under different complex operating conditions 
 

Test Scenario Recognition Accuracy (%) Average Delay (s) Stability Score (10) 

Uneven Lighting 92.8 1.9 9.0 

Stain Obstruction 90.6 2.1 8.7 

Image Blur 91.3 2.3 8.8 

Multiple Crack 
Interference 

89.5 2.5 8.5 

Table 5. Accuracy, delay, and stability in uneven 

light, occlusion, blur, and multi-crack scenes. In 

scenes with uneven lighting, the model maintains a 

recognition accuracy of 92.8% and a stability score of 

9.0 through histogram equalization and attention 

feature focusing. When faced with stains, the data 

augmentation mechanism effectively improves fault 

tolerance, maintaining an accuracy of 90.6%. Under 

the condition of image blur, the residual structure 

ensures the transmission of details, maintains a 

recognition accuracy of 91.3%, and has a delay of 2.3 

seconds. In the scenario of multi crack interference, 

although the recognition accuracy slightly drops to 

89.5%, the system does not experience interruption, 

and the stability score is 8.5, still meeting the 

operation and maintenance requirements. The model 

exhibits a recognition accuracy of over 89% in all four 

complex operating conditions, with a response delay 

of less than 2.5 seconds and a stability score of 8.5 or 

above. The results indicate that the model has good 

adaptability and robustness, and can maintain 

recognition continuity and reliability in complex 

tunnel environments, providing reliable support for 

the engineering application of subway tunnel crack 

detection. 

 

5.3  Resource consumption and engineering 
feasibility 

The engineering implementation of the crack 

identification and defect determination model for 

subway tunnel lining requires comprehensive 

consideration of computational resources, 

communication capabilities, and feasibility of system 

deployment. This model consists of four modules: image 

acquisition, feature extraction, defect judgment, and 

feedback, involving data processing, path planning, and 

real-time feedback, which require high resource 

consumption. 

The model achieves 0.9±0.1s response delay and 

1.8±0.2s average inference time on an NVIDIA 

GTX1660 (6 GB) GPU and Intel i5 CPU. During image 

acquisition and preprocessing, it maintains 30% CPU 

usage and 1.5 GB memory, making it suitable for subway 

tunnel operation and maintenance. Despite high noise, 

the model maintains 94.3% recognition accuracy and 

92.1% under 10% noise, while traditional methods drop 

to 67.8% and other deep models to 80.3%. The 

interruption rate is 2.5%, significantly lower than 

traditional methods (7.2%) and other models (5.6%). 
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Compared with U-Net (3.6 s), DeepLabV3+ (3.4 s), 

PSPNet (3.5 s), and Faster R-CNN (3.7 s), the 

proposed model offers superior accuracy and 

processing speed, meeting real-time deployment 

requirements. Inference time (image loading to output) 

averages 1.8 s, response delay (output to update) 0.9 

s, giving ≈2.7 s latency; in deployment, decision delay 

stays within 1.5 s, meeting real-time needs. The 

optimized model runs on one GTX1660 (6 GB) or an 

Intel i5 CPU (8 GB RAM). Training 150 epochs took 

~4 h, peak GPU memory 3.8 GB, and CPU use during 

inference stayed <30%. Code, configs, weights are 

archived; the dataset is internal but available on 

request. At 1080p resolution, the bandwidth 

requirement is about 5Mbps, and the delay is 

controlled within 150ms, meeting the stability 

requirements of industrial networks. In terms of 

engineering deployment, the model has good 

adaptability and flexibility, and can support different 

scales of subway tunnel operation and maintenance 

environments. For medium-sized deployments (such 

as 10 workstations and 50 tasks), the overall 

investment cost can be controlled within 300000 yuan, 

and it has seamless integration capabilities with 

existing MES and SCADA systems. This model 

provides an economical and sustainable intelligent 

operation and maintenance solution by optimizing 

resource consumption and reducing hardware 

dependence. 

The main training and inference pipeline is 

summarized below to support reproducibility. 

Input: dataset {(image, mask, grade)}, epochs, lr 

Init model θ (ResNet34 + Attention + heads) 

for epoch in 1..epochs: 

for batch in data: 

F = Backbone(image; θ) 

M = SegHead(F); G = GradeHead(F) 

loss = 0.3*CE(M, mask) + 0.7*SmoothL1(G, 

grade) 

update θ with Adam(lr) 

save θ 

for new image: 

F = Backbone(preprocess(image); θ) 

output = {SegHead(F), GradeHead(F)} 

5.4  Application value in tunnel operation 
and maintenance 

To meet the demand for high-frequency inspections 

and precise identification under complex working 

conditions in subway tunnel operation and 

maintenance, the deep learning crack identification 

and defect determination model proposed in this paper 

demonstrates significant application value. In terms of 

operational efficiency, the model significantly 

improves recognition speed and accuracy by 

combining convolutional neural networks with 

attention mechanisms. Average inference is 1.8 s, 

response delay 0.9 s (latency ≈2.7 s); in streaming, 

decision delay remains within 1.5 s, and recognition 

accuracy stays above 94%, effectively reducing the 

workload of manual inspections. In terms of system 

stability, the model has high fault tolerance and can 

maintain stable recognition in situations such as uneven 

lighting, dirt obstruction, or image blur. The success rate 

of crack recognition remains above 92%. The model 

supports real-time feedback and dynamic correction, 

reducing the occurrence of recognition interruptions and 

misjudgments, ensuring the continuity and reliability of 

tunnel operation and maintenance. At the management 

level, the model can visually display the types, locations, 

and defect levels of cracks through a visual interface, 

making it easy for operation and maintenance personnel 

to quickly grasp the structural status and promote the 

transformation of inspection from empirical judgment to 

data-driven. By cooperating with the grading and 

judgment mechanism, it is possible to manage minor, 

moderate, and serious defects in a hierarchical manner, 

helping the operation and maintenance team 

scientifically allocate maintenance resources. In addition, 

the model has good system compatibility, can be 

integrated with existing tunnel monitoring platforms, 

and supports remote deployment and modular tailoring 

to meet the operation and maintenance needs of different 

scale lines. The pilot application results show that the 

model can improve inspection efficiency by more than 

40%, reduce defect alarm misjudgment rate by about 

35%, and provide a feasible and economical solution for 

intelligent monitoring of subway tunnel lining. 

5.5  Detailed comparison and error analysis 

We compare our results with those in Table 1 across shared 

datasets and metrics. The proposed model outperforms U-

Net and YOLOv5 in mIoU, Dice, and mAP, with faster 

inference and lower latency. Attention mechanisms 

enhance thin-crack recall, while residual connections 

stabilize training under low SNR, ensuring robustness in 

noisy multispectral data. YOLO excels in large defects, 

and U-Net performs well in uniform lighting with smooth 

cracks.Qualitative errors include: (1) cracks obscured by 

stains, (2) blurred images, and (3) crack intersections. 

Domain shift tests show moderate degradation under 

lighting or contamination changes, but accuracy remains 

above 89%, with inference under 2.5 s. Cross-tunnel tests 

confirm stability and good generalization. These findings 

highlight strengths and areas for improvement, especially 

in domain adaptation and fine-grained defect grading. 

 

6  Conclusion 
This article focuses on the identification of cracks and 

defect determination in subway tunnel lining, proposes a 

deep learning method that combines convolutional neural 

networks and attention mechanisms, and implements crack 

type identification and defect grading in a multi task 
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learning framework. By introducing data augmentation 

and noise suppression strategies, the model can 

maintain high stability under complex conditions such 

as uneven lighting, dirt occlusion, and blurring. The 

experimental results show that the model outperforms 

traditional methods and other deep learning models in 

terms of recognition accuracy, processing efficiency, 

robustness, and system stability. The average 

recognition accuracy exceeds 94%, and the decision 

delay is controlled within 1.5 seconds, verifying its 

practicality and engineering value in tunnel operation 

and maintenance scenarios. Research has shown that the 

constructed model has good performance in system 

compatibility and hardware adaptation, can run stably 

on mid-range devices, and supports seamless 

integration with existing monitoring platforms. 

However, there are still certain limitations: firstly, the 

experimental dataset is limited in scale and mainly relies 

on public data and some self-built samples, which is not 

sufficient to fully cover different lines and multiple 

types of cracks; Secondly, the reliability of the model in 

defect classification still needs to be verified in more 

engineering cases, especially in the fine judgment of the 

early development stage of cracks. Future research can 

be conducted in three directions: firstly, introducing 

larger scale, multi condition composite datasets to 

enhance the model's generalization ability; The second 

is to explore lightweight network compression and 

distributed computing architecture to reduce 

computational overhead and improve real-time 

performance; The third is to combine self-supervision 

and transfer learning methods to enhance the 

adaptability of the model in cross scenario deployment. 

Through these improvements, it is expected to further 

promote the intelligent and large-scale application of 

tunnel crack identification and defect determination 

technology. 
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