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Efficient Detection and Measurements of Bridge Crack Widths Based on Streamlined
Convolutional Neural Network
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Abstract: The automation of bridge disease detection necessitates the time-consuming, labor-intensive manual detection process and the limitations of traditional image
segmentation methods, such as inadequate denoising effects and insufficient continuity in crack segmentation. This paper proposes a rapid detection and information
feedback approach based on an enhanced Convolutional Neural Network (CNN) model to tackle these issues in bridge crack width measurement and information processing.
To improve efficiency and accuracy in bridge safety monitoring, the training data is constructed by the bridge image library and network crack through the refined
preprocessing and image segmentation techniques applied to these images, key features of cracks are identified and extracted to enhance the capability for crack
identification. For crack assessment, the maximum internal tangent circle method is employed to accurately measure the width of bridge abutment cracks. The effectiveness
of our model was verified through both fixed-point detection and Unmanned Aerial Vehicle (UAV) dynamic detection, ensuring comprehensive and accurate data collection.
This dual validation strategy shows that our model substantiates the wide applicability across various scenarios, and the non-contact crack measurement technique achieves
a precision of 0.01 mm, demonstrating the effectiveness and accuracy of this streamlined CNN model in accurately assessing crack width.
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1 INTRODUCTION

With the continuing problem of aging and
deterioration of bridge structures worldwide [1], there is an
urgent need to identify and diagnose existing bridge
defects. Cracking is the most common defect in concrete
structures, leading to problems such as water ingress,
reinforcement corrosion, reduced durability, and loss of
load-carrying capacity [2]. These potential risks affect the
safety of the bridge structure and require crack detection
throughout the life cycle of the bridge [3]. The monitoring
of bridge health is essential to ensure transportation safety.
Cracks pose a significant threat to the structural integrity
of concrete bridges [4, 5]. Regular inspections and
maintenance can mitigate the risk of structural failure
during natural disasters like earthquakes or floods [6-9].
Measuring the width of bridge cracks plays a crucial role
in assessing bridge safety. But traditional crack
measurement methods relying on inspectors using rulers or
magnifying glasses are time-consuming, cumbersome, and
subjective in nature [10, 11]. Although crack detection
systems based on fiber optic sensors, lasers, stereo
imaging, ultrasound, and other technologies have been
developed [12, 13]; these systems often come with high
costs that make continuous real-time monitoring of bridge
structural health unfeasible.

The researchers in the field of concrete crack image
classification have made significant advancements in crack
image recognition and segmentation [14], object detection
[15][14], and image segmentation [16, 17]. Moreover,
DCNN-based approaches have also been proposed for line
detection tasks including edge detection [18, 19], contour
detection [20], and boundary segmentation [21]. By
layering convolutional sensory inputs, these sophisticated
architectures effectively extract high-level features from
low-level primitives. But there remains room for
improvement in terms of the accuracy of edge processing
specifically for cracks.

To address the challenge of achieving precise crack
measurement and edge pixel refinement using existing
techniques, the accuracy and clarity of crack recognition

can be further enhanced by analysing the representation of
cracks from two visual perspectives. From a global
perspective, it is perceived as a thin, pixel-wide edge in an
image due to its low contrast with the background. From a
local perspective, it is identified as a line object with a
specific width. Some scholars have proposed methods for
the marginalization of image segmentation, with the first
study of crack detection using image processing related to
the intensity thresholding method due to its simplicity and
efficiency [22]. Qu et al. demonstrated the identification
and connection of linear crack targets through the
application of basic mathematical morphological
operations [23]. But excessive threshold settings were
found to reduce the effectiveness of similar methods.
Conversely, segmentation algorithms for edge detection
are mainly based on local grayscale and gradient
information to identify crack edges, and they can only be
applied to crack maps with strong edge labels [24]. With
the increase in image data size, several studies have
explored the use of image processing and machine learning
methods. Wang et al. [25] employed a support vector
machine (SVM) to identify aircraft skin cracks, while Bray
et al. [26]utilized neural network classification methods for
identifying road defects. But, the identification of crack
structures, distortions, and needle-like edges in bridge
concrete cracks is not sufficiently clear and comprehensive
due to numerous conditions and complex calculations. This
process requires significant resources and exhibits slow
processing speeds, resulting in inadequate accuracy when
measuring crack widths. Therefore, preprocessing and
analysis of image data are necessary to enhance the
performance of the CNN neural network model.

The current quantitative analysis of crack hazard,
including crack length, width, and depth, is inadequate
[27]. Despite extensive research on image segmentation
and crack recognition, limited progress has been made in
analysing the crack width [28], and the preparation of
image-based crack width measurements remains a
challenge [29]. Therefore, accurate measurement of cracks
is crucial for their prevention and to extend the service life
of bridges after filtering noise, removing blur, and
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segmenting the recognized images. Shan et al. [30] asserted
that the type, quantity, width, and length of road cracks
serve as indicators for assessing the early deterioration
level of concrete structures. Luo et al. [31], in their study,
examined crack edges in four directions based on the crack
skeleton and adopted the minimum distance between two
edges in these directions as the crack width. Although their
approach performed well when idealizing cracks, it is
important to note that in reality, the width tends to be
measured as the straight-line distance between two edges
perpendicular to the direction of crack expansion.
Additionally, crack edges often exhibit irregular
protrusions leading to asymmetry within the skeleton. The
Hilditch thinning algorithm [32] effectively reduces
distortions and needle-like edges. But, its complexity stems
from numerous conditions, requiring significant
computational resources and resulting in slow processing
speed. Zhang and Suen [33] have made improvements to
enhance the algorithm's processing speed; but it does not
guarantee the thinning of a single pixel, struggles with
accurately identifying bifurcation points, and still exhibits
needle-like margins during the thinning process.
Moreover, it lacks geometric meaning and accuracy for
crack measurement applications.

The limitations of the aforementioned approaches
contain: incomplete training samples, lack of image
preprocessing leading to reduced accuracy in crack
identification, and absence of a dual verification
mechanism for data, resulting in a significant number of
pixel errors [34]. Therefore, combined with the bridge
image library and the network crack database, a unique and
comprehensive training dataset has been constructed.
Preprocessing and image segmentation techniques have
been introduced for the comprehensive dataset, and the
maximum inscribed circle method is utilized to precisely
measure the width of bridge pier cracks for crack
assessment. Additionally, a dual verification strategy,
incorporating fixed point detection and drone dynamic
detection, is proposed to ensure the effectiveness of the
model and the comprehensiveness and accuracy of data
collection.

The study is structured into several sections. Firstly, a
concise introduction is provided on the network structure
and algorithm principles of Convolutional Neural
Networks (CNN). The captured crack image undergoes
data enhancement and width measurement using an image
segmentation method. The methodology introduces an
improved model along with a segmentation approach that
requires the desired image. In the experimental analysis,
the enhanced CNN model is employed to identify and label
cracks in an enhanced dataset while measuring the width
of concrete cracks. Subsequently, a comparison is made
between this approach and conventional crack detection
methods to highlight their differences. Part five focuses on
verifying the effectiveness of this method by identifying
and measuring cracks on an actual bridge project, followed
by comparing it with conventional crack measurement
methods. Finally, a summary of related research findings
concludes this study.

2 METHODOLOGY

In order to accurately measure the width of bridge
cracks, a recognition technique based on Convolutional
Neural Network (CNN) was employed. Firstly,
high-definition photographs of the bridge cracks were
captured using a non-contact method to obtain image data.
Subsequently, the crack dataset underwent training with
various features such as classification recognition,
labelling, feature extraction, and image preprocessing and
binarization in order to enhance the visibility of crack
information. Following this, geometric characterization
was applied to processed crack images and the maximum
width of each crack was precisely calculated using the
maximum tangent circle method for effective detection. To
validate the effectiveness of this approach, both fixed-point
measurement and UAV dynamic shooting were utilized for
detecting bridge cracks in real-world projects, thus to
determine the role of the method in identification of cracks
in bridges (Fig. 1).

Figure 1 Flowchart of crack identification and extraction
2.1 Improved CNN Neural Network Model

Image crack feature extraction and classification are
implemented by the proposed convolutional neural
network model [35] in this paper. The network structure
consists of 7 layers, including 4 convolutional layers and 3
fully connected layers, exhibiting a simple yet highly
efficient design. Two of the convolutional layers are
connected after the maximum pooling layer, while Dropout
is applied to the two fully connected layers. This
convolutional neural network employs smaller-sized
convolutional kernels with step stride = 1,
image padding = 1, and a size of 3 x 3 in all convolutional
layers. Additionally, it utilizes pooling kernels with a step
size of 2 and a size of 2 x 2 in all pooling layers to enhance
detection accuracy. To further improve detection accuracy,
the CNN model structure along with its flowchart is
illustrated below (Fig. 2).
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Figure 2 Simplify the CNN model structure
2.2 CNN Model Training

In optimizing point-to-point convolutional neural
networks using transfer learning techniques, the
cross-entropy loss function and adaptive moment
estimation optimization function are selected, with a
learning rate set to 0.01. The model is then implemented on
the training dataset, tracking changes in real-time for both
loss and accuracy of both training and validation sets. The
number of iterations is predetermined while clearly
defining concepts such as training loss and validation loss.
Network weights are initialized through gradient clearing
strategies while bias values remain fixed to maintain initial
network stability. Sample batches from the training dataset
are randomly drawn to obtain predictions via forward
propagation; deviation between actual output and predicted
value (i.e., loss value) is calculated to evaluate model
performance. If the preset threshold for training error or
maximum iteration limit has been reached, execution
terminates; otherwise, it continues until completion.
During backpropagation phase, gradient of loss function
with respect to model parameters is calculated while
updating network weights, thresholds, and losses
accordingly; forward propagation validates model
performance by calculating validation set losses which
update average validation loss values (Fig. 3).

Back propagation Process

Figure 3 Neural network training process

2.3 Crack Target Extraction and Qualitative Measurements

The extraction of the target area is the basis of the
crack detection algorithm, and the crack is extracted from
the preprocesses crack image. The image segmentation
algorithm will classify and analyze different regions in the
image according to gray, color or geometric properties, and
separate the crack region in the image from the background
region. Finally, the extracted region was measured, the
length, width, direction and other characteristic parameters
of the region were quantitatively identified, and the
information of all regions in the image in the region was
displayed.

Edges are fundamental aspects of an image that exist
between regions and play a crucial role in image

segmentation. The edge detection method operates on the
underlying assumption that the grayscale between adjacent
regions in the image exhibits substantial shifts. Greyscale
modifications in the information can usually be identified
using the first-order derivatives of the excess value of the
second-order derivative or the second-order derivatives of
the zero-crossing. The gradient operator of the image is the
first-order derivative operator. For a continuous image
function, f{x, y) can be represented as a vector to express
the gradient [18, 19].
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To further simplify the calculation:
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After performing crack identification, labelling, image
preprocessing, and binarization steps, the maximum width
of bridge cracks was measured using advanced semantic
segmentation techniques. Subsequently, their geometric
features were further analysed. By employing the semantic
segmentation method to delineate rectangular boxes
around the cracks for highlighting their precise location
and size, accurate calculation of the maximum crack width
was achieved through the utilization of the maximum
tangent circle method. These detections serve as a crucial
foundation for conducting safety assessments on beam
bridges. The following presents an overview of the crack
width detection architecture.

The proposed method initially identifies the internal
tangent circle within each crack location and subsequently
determines the crack width based on the radius of this
internal tangent circle, as illustrated in Fig. 4.

Let the radius of the inner tangent circle be R, then the
radius maximum width Wna and average width Wiean of
the crack are:

Winax = 2max {R; } (6)
n
2> R
Wmean == (7
n
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The images containing bridge cracks are annotated
using semantic segmentation, and rectangular bounding
boxes are utilized to precisely indicate the location and
dimensions of the detected cracks.

£

s

Figure 4 Schematic diagram of the maximum tangent circle method

2.4 Crack Image Segmentation Algorithm

The introduction of operators [36, 37] enhances the
effectiveness of the edge detection algorithm, thereby
facilitating more efficient image segmentation. Notably,
among these operators are the Roberts operator, Sobel
operator, Prewitt operator, and Canny operator.
Additionally, employing the Log operator with second-
order derivatives yields significant improvements in edge
detection.

The following figure compares these algorithms using
the same crack image on MATLAB for detection, by
comparing the different algorithms and analysing the
image [37]; the Canny edge operator is used to threshold
the image for segmentation processing. After this
processing, the effect of noise on the crack image is less
and thus the main contour of the crack is extracted more
clearly.

After the bridge crack image has undergone light
equalization processing, histogram equalization is
employed to modify the grayscale of each pixel in the
image by altering its histogram [38]. This process expands
the range of grayscale values associated with a significant
number of pixels (Those that contribute significantly to the
overall picture) while compressing the range of grayscale
values associated with a small number of pixels (i.e., those
that have minimal impact on the picture). The objective is
to enhance contrast, improve clarity, and achieve effective
image enhancement.

After a series of enhancements to the image, the image
is processed using iterative binarization to highlight the
crack detection [37]:

1) Initial threshold setting. The image's minimum grey
value Hpin and maximum grey value Hpax are determined,
and the average value Have of both is used as the starting
threshold value.

H _ Hmin + Hmax (8)
2) Initial Image Segmentation. By setting an initial

threshold, the image can be segmented into two subsets of
grey level: Ci and C».

{q ={f(x,y)SHave}} ©)
Cz = {f(xay) > Have}

3) Calculate the iterative threshold value, H:

1 1 .
e MZ(,W)J] S ) +m2(x, 1)eCy S(p) (10)
2

4) Iteration and convergence, according to the
calculated iteration threshold, repeat steps 2) to 4) until the
threshold converges to a certain value or the number of
iterations reaches a limited number of iterations. The
flowchart of the iterative binarization algorithm and the
effect diagram are shown below (Fig. 5).

3 EXPERIMENT RESULTS & ANALYSIS

In this research, the crack images of the old bridge and
the public crack dataset are collected. Firstly, an improved
CNN model and the maximum inscribed circle method are
utilized to measure the width of cracks on the bridge, in
order to confirm the effectiveness of trained improved
CNN model for concrete crack measurement. Meanwhile,
in order to further validate the effectiveness of the
approach in practical implementation, a case study was
conducted utilizing fixed-point scanning photography and
UAYV dynamic photography methods to assess abutment
cracks at Youyi Canal Crossing Bridge located in Xindian
North Xiaojie, Xibeiwang Town, Haidian District, Beijing,
China.

The Youyi Drain Crossing Bridge (Fig. 6), depicted in
the image, was completed in 2014. This bridge features a
prestressed  concrete  simply  supported T-beam
superstructure with a total length of 35.04 meters and a
single span measuring 28.5 meters. The lateral layout
consists of 10 center girders and 2 side girders, evenly
spaced at intervals of 1.65 meters. The side girders extend
externally by a length of 0.675 meters at their ends, while
wet joints measuring 0.45 meters connect the girders to
ensure structural integrity and load carrying capacity.
High-strength C50 concrete materials were utilized for
constructing the main girders, flange plates, diaphragm
beams, and wet joints to enhance durability and strength.
For the substructure design of this bridge, a pile-jointed
cover girder type abutment was adopted using C35
concrete for abutment caps and ear back walls.
Additionally, submerged C30 concrete was employed to
cast the pile foundation supporting the bridge deck with a
length reaching up to 33 meters.

The Pytorch framework will be utilized to train an
improved CNN neural network in order to enhance the
accuracy of crack image recognition. During this process,
a pre-trained network will serve as the foundation, while
image enhancement techniques will be employed to further
optimize  the  model's  performance. Various
transformations such as vertical and horizontal flipping,
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rotation, and brightness adjustment will be applied to
diversify the images, thereby enhancing the model's
generalization ability.

3.1 Identification and Marking of Cracks

After applying image enhancement techniques and
augmenting the dataset, the order of the data is randomized
before splitting it into a training set and a test set. These
sets are organized into two distinct folders: "positive
samples" and "negative samples," ensuring comprehensive
learning from various data features. The training set
comprises 80% randomly chosen instances for effective
model training and optimization purposes, while the
remaining 20% is allocated as an evaluation test set to
assess overall performance. Maintaining balance between
positive and negative instances in both sets, an equal
distribution of 200 images per category is included.
Additionally, all images undergo uniform resizing
procedures resulting in an approximate resolution of
128 x 128 pixels.

To improve the accuracy of crack width calculation, it
is necessary to use high-resolution images due to the dense
distribution of pixel points. Utilizing the original image for
neural network prediction would result in a compression
rate over 20 times, leading to a significant loss of crack
details. Therefore, each crack image is divided into small
cells with an approximate size of 128 x 128 using a
horizontal and vertical overlap rate of 50% (Fig. 7).
Subsequently, the model recognizes these crack images
and automatically labels identified cracks in red color. The
effectiveness of this recognition process is illustrated in
Fig. 8 below.

ENEREE

Figure 8 Schmatic o concret crack detecti?)n results

3.2 Comparison and Analysis of Crack Width
Measurements

The improved CNN model was employed to recognize
the crack images of a selected set of bridge cracks.
Following the image recognition process conducted by the
convolutional neural network on the crack-containing
images, clear labels indicating both the crack area and the
location of its maximum width can be observed in the
images. Some examples of test result images are presented
(Fig. 9a to Fig. 9f).

(a) Test result image b) Test result image

d) Test resultimage

c) Test result image

(f) Test result image
Figure 9 Image test results

e) Test result image

The improve CNN model is utilized for precise
identification of clear cracks and labelling the maximum
position, enabling crack width detection in the image after
network labelling. By comparing the detection results of
the improved CNN recognition network with those
obtained from a crack measuring instrument, we can
determine any disparities between the test results and
actual measurements. The comparison table and line graph
illustrating the detected maximum crack widths using both
methods are presented in Fig. 10a to Fig. 10e.

a) Comparison of crack detection

(b) Comparison of crack detection

(c) Comparison of crack detection

(d) Comparison of crack detection

(e) Comparison of crack detection
Figure 10 Image test results

A comparative analysis of Tab. 1 and Fig. 11 reveals a
high level of consistency between the contactless
measurement using the improved CNN model and the
crack width gauge in terms of crack marking and maximum
width calculation. The specific data indicates that there is
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only a maximum error of 0.02 mm between the two
methods, while the minimum error is zero. It should be
noted that cracks 1 and 2 exhibit slightly larger results due
to slight tilting of the crack width gauge and uncorrected
vertical errors in the image. This observation underscores
the significant advantage of utilizing an improved CNN
model for eliminating human operation errors, further
validating its superior measurement accuracy and
enhanced crack detection capabilities.

Table 1 Crack width comparison table

Crack Detection results based on Crack Width Gauge

Number improved CNN Model Measurement Results

1 0.36 0.38

2 0.14 0.13

3 0.12 0.12

4 0.09 0.09

5 0.07 0.08

0.10 0.15 0.20 0.25
B Crack Widih Comparison: R0, 92045
0.25 H0.25
2
:
g0.20 40.20
2 .
4 []
c'_: 4
£ .
Zosf {0.15
&
1 . 1
0.10 0,15 0.20 0.25

Measured values of crack width detection systems (imm)

Figure 11 Comparison of maximum width of cracks

3.3 Practical Application of the Model
3.3.1 Spot Crack Detection

The bridge conducted a crack detection test by
comparing and analyzing the cracks at five positions on the
bridge side. Image-based technology, along with concrete
girder bridge crack detection and monitoring equipment, as
well as a crack width meter, were utilized for field
application of crack detection on the bridge, as shown in
Fig. 12.

@ (b)

Figure 12 Field survey picture

The control variable method is adopted to ensure the
consistency of the crack width detection effect. The bridge
cracks were measured using a scanner, with fixed angles
and uniform light intensity at different positions. The
processing results, based on improved CNN model
detection and crack width meter, are shown in Fig. 13.

Comparison of engineering demonstratlon crack measurement

(e)  Comparison of engineering demonstration crack measurement

SR e b ow e ww

Figure 13 Comparison of crack measurements for practical applications

3.3.2 Dynamic Crack Detection by Drones

The feasibility of this method in dynamic detection is
demonstrated by utilizing a UAV to scan and detect cracks
on the bridge pier. A combination of UAV imagery and an
enhanced CNN model was employed to capture the
comprehensive image of the beam bridge, enabling
identification and measurement of 11 surface cracks. The
crack analysis results are illustrated in Fig. 14 and Fig. 15.

(@) Crack measurementimage (b) (Crack measurementimage

(c) Crack measurement image (c) Crack measurement image
Figure 14 Example of drone imaging cracks (a)~(c)

=+ Maum Crack Width

E0eN 5

[

Width of crack {mm)

MNurmber of cracks

Figure 15 Maximum width of drone image crack example
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The line graph illustrates the utilization of a drone as
an image acquisition device, combined with convolutional
neural network-based image recognition technology. This
innovative approach enables rapid and efficient acquisition
of information regarding surface cracks on girder bridges.
It effectively addresses the challenge of detecting
previously undetectable surface cracks in concrete girder
bridges using traditional crack detection instruments.
Additionally, this method offers convenient and highly
accurate operation, making it suitable for practical
applications in bridge inspection and maintenance.

4 DISCUSSION

The present research employs the streamed CNN
model to establish an innovative image database, while
utilizing the maximum inscribed circle method for crack
width measurement. The experimental results demonstrate
that the model effectively identifies the crack area and
accurately determines the position of the maximum crack
width, exhibiting a high level of consistency in both crack
localization and width calculation. A comparison of the
actual detection outcomes obtained from the enhanced
CNN recognition network and crack measurement
instrument with the results of the aforementioned methods
revealed a maximum deviation of 0.02 mm between the
two methods, with a minimum error of 0 mm. Therefore, it
is evident that the occurrence of human error has been
entirely eliminated. The efficacy of the model was
validated through a case study on the Beijing Friendship
Canal, employing fixed-point detection and UAV dynamic
detection as dual verification techniques. The
measurement accuracy achieved a remarkable 0.01 mm,
exceeding the precision of traditional instruments for
measuring crack width.

It should be noted, however, that the method presented
in this paper does have certain limitations. Firstly, the
application of deep learning to crack width measurement
necessitates a substantial quantity of labelled data to
prevent model overfitting and ensure accurate recognition
by the model. There is too little variety of samples for
training and deploying the model. The types of cracks
included in the bridge crack dataset are relatively limited.
In addition to vertical and lateral cracks, it is possible that
other potential crack types may be present. It is important
to note that the test does not consider image datasets of
bridge cracks under complex interference backgrounds,
despite supplementing the bridge crack dataset with field
shooting and production data. Moreover, it is necessary to
enhance the sensitivity to sample noise. The diversity of
data samples can be expanded in the future to effectively
identify and quantify measurements of various types of
bridge distress.

5 CONCLUSION

This research methodology of deep learning is
employed to facilitate non-contact recognition and
measurement of cracks, leveraging an extensive database
of crack images from old bridges as well as shared image
data. The application of this approach leads to the
following conclusions:

(1) The traditional CNN model used in this study has
been enhanced and innovated to develop a highly efficient
end-to-end crack detection model. By optimizing the
network structure and adjusting parameters, this model
demonstrates exceptional performance in recognizing
bridge cracks and extracting their contours, thus
significantly improving overall detection efficiency.
Additionally, by integrating the maximum inscribed circle
method into crack width measurements, we can ensure
precise and reliable results.

(2) The intricate texture of the bridge surface, coupled
with the challenging environmental conditions, poses
significant obstacles to crack recognition. To address this
challenge, advanced image enhancement techniques and
iterative binarization algorithms are employed for
preprocessing crack images. These techniques effectively
accentuate the distinctive features of cracks while
minimizing background noise interference, thereby
substantially enhancing both accuracy and stability during
model training.

(3) The maximum inscribed circle method is employed
based on the improved model for crack measurement after
identification and extraction. Extensive experimental
validation was conducted in actual bridge projects to verify
the effectiveness of the proposed method. A combination
of fixed-point measurements and UAV dynamic
measurements was utilized to compare and analyze the
method with traditional bridge crack detection instruments.
The test results demonstrate that the proposed method
achieves a high accuracy of 0.01 mm in crack measurement,
full proof of its potential and value in practical engineering
applications.

By effectively applying deep learning techniques for
crack detection in bridges, we can enhance the diversity of
training data, improve the model's generalization capability,
and thereby facilitate the widespread adoption of
intelligent crack detection systems. Consequently, the
implementation of this technology will facilitate the
monitoring of bridge health and establish a more
comprehensive and precise system for bridge health
monitoring.
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