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Abstract: - Cracks that develop over time in bridges, which are an important part of transportation 

infrastructure, pose a structural safety risk when detected late and can lead to increased repair costs. This study 

aims to demonstrate the effectiveness of convolutional neural network (CNN) based deep learning architectures 

enhanced with attention mechanisms in the problem of classifying bridge crack images and to analyse whether 

these approaches offer a reliable alternative to traditional methods. In the proposed study, model training and 

testing processes were performed using an open-source dataset consisting of crack and crack-free images 

obtained from bridge surfaces. The proposed model achieved an accuracy rate of 97.36% in the predefined data 

splitting scenario, demonstrating higher classification performance than existing traditional methods. The 

results obtained demonstrate that the attention layer offers a robust solution not only in terms of high accuracy 

but also in terms of reliability and generalizability in critical infrastructure applications. 
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1 Introduction 
Natural aging and environmental conditions can 

cause deterioration in bridges, which are an 

important part of transportation infrastructure. If 

cracks are not detected early, they can cause 

structural problems and, in some cases, create serious 

issues that can threaten human life, [1], [2]. 

Furthermore, early detection can be remedied with 

lower-cost solutions, while late detection leads to 

increased construction costs, [3].  

Traditional methods of detecting bridge cracks 

rely solely on the observations of expert personnel. 

This is time-consuming, prone to human error, and 

far from being a sustainable solution for large-scale 

structures, [4]. In recent years, advances in machine 

learning and deep learning methods have enabled the 

successful analysis of images in many different 

disciplines. Image analysis using deep learning 

architectures has been proposed by researchers in 

many fields as a fast, consistent, and sustainable 

solution.  

In the field of computer vision, many 

classification and segmentation-based studies have 

been conducted by researchers on the autonomous 

analysis of bridge cracks, [5]. On the other hand, 

developed an end-to-end Convolutional Neural 

Network (CNN) model integrating the Atrous Spatial 

Pyramid Pooling (ASPP) module for the automatic 

detection of concrete bridge cracks, [6]. In the study, 

the depthwise separable convolution technique was 

used to reduce computational cost while aiming to 

preserve image resolution and extract multi-scale 

contextual information. The model developed by the 

researchers achieved an accuracy rate of 96.37%, 

demonstrating higher performance and 

computational efficiency compared to classical 

classification models such as ResNet and VGG. 

Another model called SSENets based on the SSE 

module, which strengthens the connection between 
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shallow and deep layers, in order to improve 

accuracy in bridge crack detection and mitigate the 

vanishing gradient problem in deep networks, [7]. 

This proposed model achieved a success rate of 

97.77%. As a comparative study, Neural Network 

models for the automatic detection of concrete cracks 

across three different datasets were analyzed 12 

different transfer learning models, [8]. In this work, 

the researchers utilized contrast enhancement 

techniques to improve performance in situations 

where image quality was low. In their study 

analyzing bridge cracks without image enhancement, 

they achieved a classification success rate of 98.80%. 

This study presents convolutional neural network 

(CNN) based deep learning architectures for the 

problem of classifying bridge crack images. The 

proposed method is developed using a lightweight 

MobileNet architecture enhanced with a Squeeze-

and-Excitation (SE) attention mechanism to improve 

feature representation by emphasizing informative 

channels. The results obtained were evaluated 

comparatively with CNN-based and hybrid models 

commonly used in the literature. The main objective 

of the study is to reveal the extent to which attention-

based architectures offer an effective and reliable 

solution for the bridge crack detection problem and 

to demonstrate that these approaches constitute a 

powerful alternative for structural health monitoring 

systems. In this respect, the proposed study aims not 

only to achieve high accuracy rates but also to 

develop a more stable, generalizable, and practically 

applicable automatic inspection approach. 

 

 

2 Methodology 
This section provides a detailed explanation of the 

dataset used in the study and the CNN-based 

architecture that forms the basis of the proposed 

approach. First, the structure of the dataset, class 

distribution, and preprocessing steps are presented, 

followed by an examination of the fundamental 

components of the model architecture and training 

process. Thus, the general framework of the 

proposed method and how the experimental process 

was designed are systematically presented in this 

section. 

 

2.1 Dataset 
The proposed study utilized a dataset containing 

bridge crack images shared from open-source 

accessible resources during the education, validation, 

and testing phases. The Bridge Crack Dataset (BCD), 

created and prepared with a focus on image analysis 

using deep learning methods, is one of the important 

datasets in this field in the literature, [6]. The 

researchers created an original dataset using 2068 

raw images with a resolution of 1024×1024 obtained 

with Phantom 4 Pro. During the preprocessing stage, 

the images were divided into 512×512 dimensions, 

and after filtering out blurry samples, a total of 6069 

images were obtained, consisting of 4058 cracks and 

2011 backgrounds. Of the images obtained, 4856 

were labeled for training and 1213 for testing and 

were published publicly, [9]. The class labels of the 

images were shared in two separate list files, suitable 

for use in binary classification architectures. When 

sharing their images, the researchers resized them to 

224x224 dimensions to make them suitable for use in 

deep learning architectures. 

The dataset, created to reflect real-world 

problems, also includes scenarios involving 

environmental factors such as shadows, water stains, 

and edge cracks. Furthermore, the dataset contains 

examples where the crack covers only a small part of 

the image or its edge.  Thanks to this feature of the 

dataset used in the study, the results obtained can be 

compared with real-life images, ensuring that the 

results are valid. 

 

2.2 Attention-Based Hybrid MobileNet 

 Architecture 
In the proposed study, a hybrid CNN model that is 

lightweight and computationally efficient was used 

for the automatic classification of cracks forming on 

bridge surfaces. The proposed model uses the 

MobileNet architecture as its basic feature extractor. 

MobileNet, one of the popular deep learning 

architectures, uses fewer parameters compared to 

standard CNN architectures thanks to its depthwise 

separable convolution structure, [10]. This ensures 

that the architecture is computationally efficient and 

provides a structure suitable for real-time and field 

applications in particular, [11]. The developed 

architecture aims to achieve high accuracy with low 

computational load in practical applications such as 

bridge health monitoring systems. The general 

architectural block diagram and experimental 

workflow of the proposed LiteBridge-SE model are 

illustrated in Figure 1. 

In the proposed architecture, a Squeeze-and-

Excitation (SE) attention mechanism is integrated to 

enhance the classification performance of the deep 

feature maps obtained by MobileNet, [12]. SE layers 

help deep learning models recognize which features 

extracted autonomously are more meaningful, [13]. 

By highlighting more important features, these layers 

reduce the impact of information that contributes 

little to classification, thereby improving 

classification accuracy, [14]. 
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Fig. 1: General architectural block diagram and 

experimental workflow of the proposed LiteBridge-

SE model 
Source: created by the authors. 

 

This mechanism was chosen for our study 

because it can provide significant advantages, 

particularly in distinguishing cracks with fine and 

irregular structures from background textures. 

Following the SE block, the model classifies images 

with and without cracks into two categories through 

global average pooling and fully connected layers, 

[15]. Thus, the proposed attention-supported CNN 

architecture can effectively capture local features and 

offer higher classification performance by 

prioritizing features at the channel level. The results 

obtained in this study demonstrate that this hybrid 

structure offers an effective solution for critical 

structural health monitoring applications such as 

bridge crack detection. 

In the proposed LiteBridge-SE architecture, the 

Squeeze-and-Excitation attention mechanism has 

been used to model channel dependencies between 

feature maps and to emphasize more informative 

channels. The SE block summarizes the feature maps 

obtained from the convolution layer using global 

average pooling and learns the channel weights by 

transforming them through nonlinear activation 

functions. The obtained weights enable the rescaling 

of features by multiplying the original feature maps 

on a channel basis. The general mathematical 

expression of the SE block is given in Equation (1). 

Ũ =  𝜎 ( 𝑊2𝛿 ( 𝑊1𝐺𝐴𝑃(𝑈))) ⊙  𝑈       (1) 

 

In Formula 1, GAP represents the global average 

pooling operation, W1 and W2 represent the fully 

connected layer weights, δ represents the ReLU 

activation function, σ represents the sigmoid 

function, and ⊙ represents the channel-wise 

multiplication operation. This process allows the 

deep learning architecture to enhance more 

informative and discriminative feature channels 

while reducing the impact of less important channels. 

Especially in bridge crack images, where fine and 

irregular crack structures can be difficult to 

distinguish from background textures, the SE 

mechanism enhances the quality of feature 

representation by adaptively learning channel 

importance. This attention-based hybrid reweighting 

structure contributes to more effectively capturing 

the distinguishing features between cracks and 

background textures while preserving the lightweight 

and computationally efficient structure of the 

MobileNet architecture. 

 

 

3 Results and Discussions 
All experimental processes conducted in this study 

were performed using the platform's GPU on the 

Pro+ infrastructure, which is the paid version of the 

Google Colab development environment. The 

developed model was trained for 10 epochs with a 
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batch size of 16. The input size of the images used in 

the architecture was set to 224x224. 

The dataset used in the study was used together 

with the original training and test splits defined in 

CSV files, and a separate experimental scenario was 

created while maintaining this structure. Thus, the 

model performance could be directly observed under 

the officially defined split structure of the dataset. 

Comprehensively evaluate the classification 

performance of the proposed LiteBridge-SE 

architecture within the scope of the study; confusion 

matrices and classification performance evaluation 

metrics commonly used in the literature have been 

employed. The MobileNet model achieves a lighter 

computational complexity by replacing standard 

convolutions with depthwise separable convolutions. 

This structural change reduces the computational 

cost and the number of parameters compared to 

traditional networks. Model performance evaluation 

includes not only overall accuracy but also 

evaluation metrics such as precision, recall, and F1-

Score. Since the open-source dataset used in the 

study consists of 4058 crack samples and 2011 

background images, exhibiting a significant class 

imbalance, accuracy alone may not sufficiently 

reflect the model's prediction reliability. The F1-

Score is an evaluation metric that mathematically 

accounts for false positives and false negatives 

between classes. The F1-Score evaluates the 

architecture's effectiveness in distinguishing fine, 

irregular crack structures from background tissues. 

Precision is another important evaluation metric that 

shows how many of the examples classified as 

positive by the model are actually positive. In other 

words, it is a metric that controls the false positive 

rate and is particularly important in cases where 

mistakenly classifying background tissues as cracks 

is critical. Recall, on the other hand, is a 

classification performance evaluation metric that 

shows how many of the true positive examples are 

correctly identified by the model. The recall metric is 

of critical importance, especially in terms of not 

missing fine and irregular crack structures, and it 

directly reflects the false negative rate. All the 

mathematical expressions of the basic classification 

performance metrics used in the study are provided 

in formulas 2, 3, 4, and 5. The TP given in the 

formulas indicates the correct classification of a truly 

positive example as positive by the model. TN refers 

to the correct prediction of a negative example as 

negative. In contrast, FP indicates that a negative 

example has been incorrectly classified as positive. 

FN, on the other hand, defines the misclassification 

of a positive example as negative by the model. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = (𝑇𝑃 + 𝑇𝑁)/(𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁)   (2)  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑇𝑃 / (𝑇𝑃 +  𝐹𝑃)           (3) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =  𝑇𝑃 / (𝑇𝑃 +  𝐹𝑁)                  (4) 

 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =  2𝑇𝑃 / (2𝑇𝑃 +  𝐹𝑃 +  𝐹𝑁)        (5) 

 

The success of the proposed system was 

measured by calculating evaluation metrics such as 

precision, recall, F1-score, and accuracy. Table 1 

shows the class-based evaluation metric scores for 

two separate experiments conducted on the original 

split data sets. The results in the table demonstrate 

that the method proposed in our study can detect 

cracks in bridge images with high success. 

 

Table 1. Results of the Bridge Crack Detection 

Architecture Based on Class in the Data Set 

Class Precision Recall F1-Score 

0 83.07 1.00 90.75 

1 1.00 96.97 98.46 

Source: created by the authors. 

 

An important representation used to measure 

classification performance in machine learning and 

deep learning methods is the confusion matrix. Using 

confusion matrices, researchers reveal how well or 

poorly their developed models perform on a class-

by-class basis. Confusion matrix representation was 

also used to measure the effectiveness of the 

proposed model. Figure 2 shows the confusion 

matrices created for both experiments conducted in 

the proposed study. 

 

 
Fig. 2: Confusion matrix of the proposed attention-

based deep learning architecture 
Source: created by the authors. 

 

Table 2 presents performance comparisons of 

different deep learning architectures for the bridge 

crack detection problem. According to Table 2, 
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among classical CNN-based approaches, the VGG19 

and ResNet50 models exhibit relatively lower 

performance with accuracy rates of 85.41% and 

89.45%, respectively, while the depthwise separable 

convolutional network (Depthwise Separable CNN) 

architecture provides a significant improvement with 

96.37% accuracy 

To ensure accurate comparisons in Table 2, only 

studies from the literature that used similar 

approaches. Our proposed LiteBridge-SE model 

achieved a high classification success rate of 97.36% 

in the autonomous analysis of bridge cracks. These 

results demonstrate that the proposed approach offers 

stronger generalization capabilities compared to 

existing methods in the literature and constitutes a 

reliable alternative for crack detection in bridge 

structures.  

The experimental findings of this study yield 

important results for the field of autonomous bridge 

crack detection. Traditional inspection methods, 

which rely heavily on manual visual assessments, are 

labor-intensive, time-consuming, and prone to 

human error. The LiteBridge-SE architecture has 

demonstrated that it can achieve significantly better 

results than traditional methods, with a classification 

success rate of 97.36%. This innovative approach 

facilitates the early and accurate detection of 

structural defects. It also has the potential to 

significantly reduce long-term maintenance and 

repair costs. 

 

Table 2. Results of the Bridge Crack Detection 

Architecture Based on Class in the Data Set 

Model Accuracy 

Vgg19 85.41% 

Resnet50 89.45% 

ASPP-Based CNN, [6] 96.37% 

Our (LiteBridge-SE) 97.36% 
Source: created by the authors. 

 

 

4 Conclusion 
This study focuses on solving the problem of 

detecting cracks in bridge structures quickly, without 

human error, and in a sustainable manner.  Within 

the scope of this study, a hybrid deep learning 

architecture called LiteBridge-SE was developed. 

The fast and lightweight structure of the MobileNet 

architecture was enhanced with attention blocks and 

used in the hybrid architecture. Comprehensive 

experimental analyses were conducted on an open-

source bridge crack image dataset. The LiteBridge-

SE architecture has achieved reliable results, 

obtaining a classification success rate of 97.36% 

accuracy. 

The main limitation of the study is that the 

proposed work focuses only on classifying the 

presence of cracks. The study did not analyze other 

structural defects in bridge infrastructures. In future 

studies, it is planned to train the proposed 

architecture as a multi-class model that can also 

detect different types of damage. Furthermore, it is 

intended to use the proposed architecture in 

examining structural damage through real-time 

systems by integrating it with systems such as 

unmanned aerial vehicles. 
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