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Abstract— As the backbone of transportation networks, the structural integrity of bridges is
paramount for ensuring public safety and the efficient flow of goods and people. The traditional
method that is Manual inspection methods for crack detection are labor intensive and often
subjected to human error. This research explores an innovative approach to address this
challenge by leveraging Convolutional Neural Networks for automated crack identification in
bridge infrastructure. The proposed model employs a dataset encompassing concrete bridge
conditions, and crack manifestations to train and evaluate the selected model. The accuracy of
the prediction was verified by the test sets. The introduced model demonstrated a crack detection
accuracy of 99% without relying on pre-training. Experimental results indicated that, when
compared to existing classification models, the suggested model exhibited superior performance.
Notably, the proposed model surpassed the ResNet50 model in terms of effectiveness.

Index Terms— Deep learning, Image Processing, Classification, Crack detection, Concrete bridge
deck.

l. INTRODUCTION

The maintenance and safety of critical infrastructure, such as bridges, play a vital role in ensuring the well-being
of society. One of the necessary challenges in the given domain is the early detection and identification of structural
cracks. The traditional methods of crack detection that is manual inspection often fall short in terms of efficiency
and precision. The manual inspections are both labour-intensive and time consuming. The objective of this project
is to utilize the capabilities of deep learning to create an automated and accurate Crack Identification system.
Increasing advancements in computer vision and deep learning technologies offer promising solutions to address
this challenge effectively. The given project focuses on the development and implementation of a CNN for Crack
Identification in Bridge Infrastructures. Leveraging state of the art techniques into image recognition, the CNN is
trained to autonomously to analyze visual data and discern the presence of cracks in bridge components. This
research is dedicated to the implementation and comparison of three distinct CNN models —the proposed CNN
model, VGG16 model, and ResNet50 for Crack Identification in Bridge Infrastructure. Each model brings its
unique architecture and features to the forefront, allowing for a comprehensive evaluation of their efficacy in
addressing the challenges associated with crack detection. By employing three different CNN architectures, we
aim to assess their individual strengths and weaknesses in the context of bridge infrastructure.
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Il. LITERATURE SURVEY

The automatic inspection approach introduced in [1] for bridges demonstrated an impressive overall accuracy of
92.11% in detecting cracks within bridge images, successfully navigating through noisy and intricate visual
contexts. The utilization of a sliding window-based technique, coupled with wavelet and Gabor filter features,
proved to be particularly effective in crack detection for bridge images. Interestingly, when examining feature
vectors from "complex™ and "normal" photos independently, the system showed improved accuracy. The study in
[2] represented the necessity for a more preprocessing technique capable of accommodating various types of
bridge images. The paper suggests an automated method for detecting bridge cracks employing lightweight vision
models, which is particularly integrating the YOLO v4 algorithm with the lightweight networks like GhostNet
,DenseNet and MobileNet. YOLO v4, an enhanced iteration of YOLO v3, includes network architecture, activation
functions, training methods, and data processing optimizations. The proposed approach demonstrates notable
advantages in precision, speed, and model size when juxtaposed with current methods for bridge crack detection.
The study in [3] proposes a complete model for crack detection that uses a convolutional neural network and is
specifically designed for concrete bridge crack detection. This model extracts utilizing an Atrous Spatial Pyramid
Pooling module to provide multiple scale contextual data, reduces computational cost via depth wise separable
convolution, and atrous convolution to provide an extended receptive field without sacrificing resolution.
Interestingly, without pre-training, the suggested model outperformed classic classification models like Resnet18,
Resnet34, Resnet50, Vggl16, and VVggl9, with a detection accuracy of 96.37%. The paper [4] introduces a novel
approach for detecting cracks and measuring parameters in bridges through the application of convolutional neural
networks (CNNs). This method seamlessly incorporates digital images processing into CNN, enhancing the
precision of images classification and facilitating crack length measurement. The crack images are meticulously
labeled as positive or negative samples, and subsequently segregated into training and validation sets. The
effectiveness of the parameter detection algorithm is validated using the crack length parameter as an illustrative
example. The paper [5] introduces a vision-centric method for detecting cracks in concrete bridge decks,
employing a 1D-CNN-LSTM algorithm. This algorithm operates in the frequency domain, where images undergo
a transformation into the frequency domain as part of the preprocessing stage. The utilization of one-dimensional
convolutional neural networks (1D-CNNSs) is highlighted for feature extraction and learning from flattened image
frequency signals. It is very important to consider that the study complies within the ethical guidelines and does
not use any human or animal subjects. In infrastructure maintenance given in [6], the traditional error-prone
inspection methods are evolving with the integration of computer vision, particularly Convolutional Neural
Networks (CNNs). This advanced CNN framework, featuring ten convolutional layers and a GAN, allows precise
pixel-by-pixel crack segmentation. Including networks that are closely monitored and fully convolutional networks
(FCN) refines the process, utilizing multi-level feature aggregation, guided filtering, and Conditional Random
Fields (CRFs). The model demonstrates outstanding results in F-score, recall, and precision values, surpassing
conventional methods. This study highlights the transformative potential of CNNs in modernizing infrastructure
maintenance, providing an efficient solution for crack detection. The research in [7] ensures long-term durability
and structural integrity of concrete structures which requires the identification and categorization of Alkali-Silica
Reaction (ASR) cracks. Traditional visual inspection methods often lack accuracy and efficiency. A two-phase
computer vision algorithm for ASR fracture detection and classification is presented in this research. Pre-trained
CNN models are assessed in the first phase, and InceptionVV3 is shown to be the best performer. A Features
Enhancement Process is introduced in the second phase to improve the visibility of ASR cracks against complex
backdrops. The technique obtains a validation accuracy of 94.07% when combined with texture analysis
algorithms. The article [8] focuses on the use of a two-level deep learning interface for the detection and evaluation
of the cracks, with a particular focus on developing countries. According to the Traditional method, the visual
inspection of the bridges has been the best method for monitoring , but it has proved to be time consuming, costly
and prone to errors. To solve these problems, the give study represents the use of the YOLOV5 model for detection.
Additionally, the study uses the U-Net model, which can measure cracks height and width and also the area per
pixel for crack segmentation. The article [9] introduces an automatic detection system designed to detect
sequentially. This approach involves adaptive learning leveraging pre-trained convolutional neural network (CNN)
models such as MobileNetV2, ResNet101, VGG16, and InceptionV2. After all testing, MobileNetV2 emerged as
the winner. The current explosive detection method is not equipped to handle this situation. The given work
represents the potential and importance for deep learning and processing of the images to be accurate and efficient
that is able to provide significant promise for good monitoring of buildings, bridges, and other structures. The
paper [10] underscores the importance of early crack detection in ensuring structural safety and underscores the
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drawbacks of conventional visual inspections and vehicle-based methods for bridges, which are not only inefficient
but also pose safety risks. In a bid to improve the efficiency and cost-effectiveness of structural health monitoring,
the paper introduces an innovative approach that integrates deep learning with attention mechanisms and employs
the UNet network to detect cracks. This research provides a sturdy solution to enhance the recognition of cracks
in structural assessments more effectively. In [11], the concrete structure safety assessment, it is very important to
detect and evaluate damage, which is very challenging with traditional methods for the indicators like precast
concrete dimension deviations, abnormal vibration responses, and reduced structural bearing capacities. The given
study represents the application of Deep learning for addressing important issues related to damage inspection in
concrete structures of the bridge, understanding its potential to revolutionize the engineering practices by
improving the automation and efficiency of damage assessment. The study [12] shows the use of adaptive learning
which is a widely used method in design. Deep learning is for explosive detection. Transformational learning
involves using the pre trained big data models to improve the learning process for a specific task or data. The
Researchers aim to improve crack detection algorithms in rocks using transfer learning. This approach is important
to reduce runtime and data requirements for certain applications such as explosion detection. The work in [13]
solves the network task of pavement crack detection using images and local transformers. Transformer networks
are very powerful in processing data arrays and are promising in graphical processing as well. The research will
involve the development of a combination of electronic devices to better detect pavement cracks in CCD captured
images. This study is important because it explores new ways to detect cracks which is important for monitoring
safety. The paper [14] represents the method that has better performance and is compared to the book method for
detecting cracks in complex areas such as mud. This method uses deep learning using large datasets of rock
fragments and small datasets of soil and also the rock fragments. First of all, a pretrained model was created based
on scattered data and then an improved model was created using soil and rock data. The given model can use
drones to survey steep terrain and provide rapid assessment and early warning of geological disasters. The paper
[15] represents the importance of bridge maintenance and the problems caused by cracks in concrete structures.
It presents a new approach that uses deep learning models for detecting and segmenting connections between
cracks. The authors of this article have compiled the specific information for closing cracks and modified the You
Only Look at One algorithm, turning CR YOLO into more accurate crack detection. They also reduced visual
artifacts by improving the PSPNet algorithm to separate cracked bridges from the non-cracked areas.

I1l. METHODOLOGY

The methodology for the development of our Crack Identification in Bridge Infrastructure system encompasses
several phases. Below figure 1 shows the various phases
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Fig. 1: Proposed model diagram

Input Data: The input here is a dataset containing images. Pictures of several bridges both with and without cracks
are there in the dataset . In order to classify images, they are separated into two groups positive that are containing
cracks and negative that are not having crack, and these two are kept in different folders. There are 20,000 photos
of each group, total of 40,000 photos with RGB channels and 227 x 227-pixel sizes are present.

Resizing: We have images of 227x227 pixels in our dataset. we converted all the images to a constant pixel ratio
that is 120x120.
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Splitting: In order to make a good model for evaluation, the data is divided into training and testing. The training
results contain 70% of the data out of that the 20% of the training data will be used for validation, the remaining
80% will be used for actual training the and procedure. the rest of remaining 30% will be used for testing purpose.
Neural network (CNN) Structure is important.

Labelling: The labeling process will associate each image in the dataset with a class label that indicates whether
the image contains cracks or not. Positive samples are labeled POSITIVE and negative samples are labeled
NEGATIVE The data generation process combines positive and negative patterns to provide a labeled data set that
forms the basis for modelling.

Binary Conversion: In the binary conversion process, each image in the dataset was assigned a binary label
POSITIVE if it contained a crack and "NEGATIVE if it did not. The labeled dataset, thus formed, served as the
basis for training the Convolutional Neural Network (CNN) to classify images as either containing cracks or being
crack-free.

Model: In this research, the dataset is trained using three distinct convolutional neural networks (CNN)
architectures: the proposed model, VGG16, and ResNet50. both VGG16 and ResNet50 are pre-trained models. In
the given architecture of the proposed model, a maximum pooling layer is placed after three convolutional layers
to reduce the spatial dimension. Convolutional layers use padding and use the relu activation function to retain
spatial information. The Global Median layer compresses spatial data for providing a more accurate representation.
The fully connected system features a thick layer of 512 units and relu activation following the release process to
prevent overfitting. The final layer is dense and perfect for binary functions since it has a unit and sigmoid function.
The workflow of the project is shown in figure 2. The model performance comparison of all the models is shown
in the table 1. Figure 5 shows the Computational Efficiency Comparison of CNN models.

Prediction: The model will predict whether the crack is there or not in the new test image including human-readable
labels (‘Negative' or 'Positive’) and confidence scores.

J PRS——

Fig. 2: Workflow Diagram

TABLE |: MODEL PERFORMANCE COMPARISON W.R.T ACCURACY

Model Accuracy

Proposed CNN Model 99%

VGG16 99.28%

ResNet50 95.06%

Algorithm 1: Proposed CNN model

1. Initialization:

. At the first step, we Define the CNN architecture for specifying the number and types of
layers like convolutional, pooling and fully connected.

. Initialize weights and biases.

2. Forward Pass:

. In forward pass, we Feed an image into the network.

. Once the images are feeded we Conduct convolutional and pooling operations to extract
features.

o Flatten the resulting output and transmit it through fully connected layers.
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1l. ° Implement activation functions for example the ReLU following each layer.

3. Loss Calculations:

. Determine the difference between the predicted output and the actual target by applying a
loss function, for instance and cross entropy.

4. Backward Pass (Backpropagation):

. Calculate the gradients of the loss concerning the parameters like weights and biases
through the process of backpropagation.

. Adjust the parameters by employing an optimization algorithm such as adams optimiser,
stochastic gradient descent etc.

5. Training Loop:

. Iterate through steps 2 to 4 either for the predefined number of epochs.

RESULTS AND DISCUSSION

A. Model Evaluation: In this research, the outcomes of proposed model are truly commendable, underscoring the
efficacy of the CNN model in crucial task of crack identifications within bridge infrastructure. The remarkably
low-test loss of 0.03024 reflects the model's precision in making accurate predictions on the test set. With an
impressive test accuracy of 99%, the model showcases a high success rate in classifying positive and negative
samples, indicative of its robust performance. The substantial R-squared score of 0.95998 adds a layer of depth,
affirming the model's capacity to elucidate a significant portion of the variability in the target variable. Detailed
analysis of the distribution in Figure 3 vividly demonstrates the power of the model, which not only shows high
precision, recall and F1 score values for negative and positive classes, but also has an overall accuracy of up to
99%.Collectively, these results underscore the potency and reliability of proposed CNN model, positioning it as a
formidable tool for the critical task of crack detection in bridge infrastructure, with implications for enhancing
structural safety and maintenance practices. Accuracy and loss curve of proposed model is shown in Figure 4 and
Figure 6 shows the Precision-Recall comparison of proposed CNN model. Figure 7 shows GUI results of crack
identification with human-readable labels and confidence scores.

Classification Report :

precision recall fil-score support

NEGATIVE 8.99 .99 @.99 917
POSITIVE 8.99 e.99 e.99 883

accuracy 8.99 1880
macro avg .99 1800
weighted avg a .99 ©.99 1800

Fig 3: Classification reports

Model accuracy Modelloss
w1

algaton
\

Fig 4: accuracy and loss evolution graph

Computational Efficiency Comparison

ResNEts0

Proposed Model VGG16

CNN Models

Fig 5: Computational Efficiency Comparison of CNN Models for Crack Identification

4496



Precision-Recall Curve for Proposed CNN Model
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Fig 6: Precision-Recall comparison of proposed CNN model

Sr Predicted Output
Nno
1
Result: Negative (Not Crack)
Confidence: [0.001283]
2
Result: Positive (Crack)
Confidence: [0.999953]
3
Result: Negative (Not Crack)
Confidence: [0.002281]
4
Result: Positive (Crack)
Confidence: [0.999999]
5
Result: Positive (Crack)
Confidence: [1.]

Fig 7:  GUI results of crack identification with human-readable labels ('Negative' or 'Positive’) and confidence scores.

B. Confusion Matrix : The level of detail provided by the confusion matrix shown in Figure 8 adds to the analysis
which is used for providing an understanding of the positive, negative, negative and negative spects.
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Confusion Matrix
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Fig 8: Classification reports

C. Comparison with existing model: several recent studies have developed predictive models for bridge crack
detection using various machine learning approaches. The accuracy of the suggested CNN model is compared with
a few other models in the table below (Table 2).

TABLE Il. COMPARISON WITH EXISTING MODELS

Model Accuracy
Wavelet analysis + SVM [1] 92.11%
CNN + ASPP module [3] 96.37%
CNN [4] 95%
Proposed CNN Model 99%

IV. CONCLUSION

In conclusion the project using neural networks (CNN) for the purpose of crack detection in bridge construction
has shown good results and . The CNN model trained on data of images identifying cracked and non-cracked
structures showed high accuracy in classifying objects. The suggested CNN method was trained, validated, and
tested using more than thousands of photos of intact, fractured concrete bridges. On training, validation, and testing
data, the CNN model obtained accuracy rates of 99%, 98,98.6%, and 99%, respectively. By using this framework,
the training models can be successfully deployed to detect fractures with high accuracy in big unlabeled photos.
More information can still be added to the model to increase performance even while negative and negative impacts
are adequate for use. Although the proposed model was able to perform better than the ResNet50 model but the
suggested model was not able to outperform VGG16's accuracy. The proposed approach was contrasted with
current deep-learning techniques.

FUTURE ScopPe

The future scope of the project is very promising and diverse. Beyond the bridges, the proposed model can be
extended to identify the structural issues in various types of infrastructure for contributing to a broader impact
across the civil engineering domains. Collaborating with the industry stakeholders and integrating the model into
real world inspection processes could facilitate the early detection and could enhance structural health monitoring.
Further advancements might involve the integration of multimodal data for a more comprehensive analysis, and
also the integration of 10T devices such as drones or sensors for the purpose of data collection for the exploration
of predictive maintenance strategies, and the development of fully automated inspection systems. Continuous
refinement of the proposed CNN model, global collaboration, and staying alongside of emerging technologies in
artificial intelligence and civil engineering will be essential for the sustainable success and impact of the project.
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