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We proposed a modified concrete bridge crack detector based on a deep learning-assisted image processing approach. Data
augmentation technology is introduced to extend the limited dataset. In our proposed method, the bounding box for the crack is
detected by YOLOv5. .en, the image covered by the bounding box is processed by the image processing techniques. Compared
with the conventional image processing-based crack detection method, the deep learning-assisted image processing approach
leads to higher detection accuracy and lower computation cost. More precisely, the mask filter is employed to remove handwritten
marks, and the ratio filter is adopted to eliminate speckle linear noises. When a single crack is detected by several bounding boxes,
we proposed a novel fusion method to merge these bounding boxes. Furthermore, we proposed a connected component search
approach based on the crack trend of the area to improve the connection accuracy. With the crack detector, the cracks that are
wider than 0.15mm can be correctly detected, quantified, and visualized. .e detection absolute error of the crack width is less
than 0.05mm. .us, we realized fast and precise detection and quantification of bridge crack based on the practical
engineering dataset.

1. Introduction

Most of the bridges built in the world are concrete bridges.
In the process of service, it is necessary to detect the bridge
regularly to facilitate the development of corresponding
maintenance countermeasures [1]. Crack is one of the main
diseases of concrete bridges, which has become the most
important content of concrete bridge detection and main-
tenance. Traditional manual detection methods have the
disadvantages of inaccuracy and low efficiency. .erefore,
using image processing or deep learning (DL) techniques to
detect bridge crack has become a research hotspot [2].

Some bridge crack detectors were realized based on
traditional digital image processing methods. For instance,
the gray threshold segmentation method was adopted to
extract the crack according to the gray difference between
the crack area and the background [3, 4]. Besides, the Canny
iterative method was used to detect the edge feature of the

crack according to the linear feature of the crack [5]. In
addition, the Otsu method and multiple filtering in image
processing were employed to detect cracks of concrete
structures [6]. Moreover, an improved image segmentation
algorithm based on the Chan–Vese (C–V) model was
provided for crack extraction [7]. All the above-mentioned
algorithms could lead to good experimental results, but the
background of the crack image was simple, and no obstacle
was considered. .ese algorithms may not be applicable for
bridge crack detection with complex background.

In recent years, many researchers adopted the DL to
locate and classify bridge diseases and achieved good per-
formance. For example, Lei Z. et al. used a convolution
neural network (CNN) to detect road cracks. .ey divided
the complete images into several small image blocks and
then classified the small image blocks to complete the ex-
traction of cracks [8]. Cha et al. used the CNN and the target
detection network of a faster region-based convolutional
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neural network (Faster R-CNN) to realize the detection of
building damage, including cracks [9, 10]. Li et al. adopted
the YOLO to perform the detection of concrete cracks [11].
Zhang et al. further used the target detection network of the
YOLOv3 and migration learning to complete the damage
detection of cracks in concrete bridges [12]. Hoang and
Nguyen constructed an automatic model to detect and
classify asphalt pavement crack. It could detect cracks and
wa able to recognize the types of pavement cracks, including
the longitudinal, transverse, and alligator cracks [13]. Meng
studied an image segmentation algorithm for concrete
cracks based on CNN. Compared with other methods, the
algorithm achieved higher detection accuracy and gener-
alization ability [14]. Ding et al. established a concrete crack
identification model based on an improved Mask R-CNN.
.e results showed that the average prediction accuracy of
concrete crack identification was better than the YOLOv4
method [15]. Hu et al. studied a pavement crack detection
method based on YOLOv5..e experimental results showed
that the detection accuracy of the YOLOv5 series models was
above 85% [16]. Note that, with the above works, one can
detect the location of the cracks but cannot quantify the
cracks. In practical engineering applications, the quantita-
tive result of crack is very important, which can be directly
used to analyze the stress status of the structure, and thus is
an important basis for bridge maintenance decision.
Moreover, the entire learning process of the present DL is a
dimension reduction process. .e crack width of a concrete
bridge is usually narrow compared to the image. Hence, the
crack information may be lost during the learning process.

.e fully convolution neural network (FCN) has been
widely studied to realize pixel-level crack detection and
measurement. FCN is an end-to-end, pixel-to-pixel con-
volutional network for semantic segmentation. An FCN is
composed of downsampling and upsampling parts. .e
downsampling part mainly includes convolutional layers
and pooling layers. .e upsampling part includes decon-
volution layers [17]. For example, Yang et al. employed the
FCN to realize the pixel-level crack classification and
measurement. .e results showed that the accuracy of
segmentation was 97.96%, and the relative quantification
error was within 24.01% for crack width [18]. Li et al. utilized
the U-Net to realize the location of concrete cracks in the
tunnel. .e segmentation accuracy was 92.25%, and the
relative quantification error was within 18.57% for crack
width [19]. .ey further adopted the segmentation network
of FCN and Naı̈ve Bayes data fusion (NB-FCN) to realize the
location of concrete cracks. .e cracks were quantified by
introducing postprocessing with accuracy being 93.2% [20].

For the concrete bridge crack in practical engineering,
the length is usually long and the width is narrow. Usually,
the crack width may be less than 0.5mm. .us, the crack
detector is more sensitive to the quantification error in the
width direction. With the present mainstream camera res-
olution, a practical microcrack may contain only a few
pixels. Even the FCN can recover the original image from the
feature map with the deconvolution layers, the original scale
information of the narrow crack width cannot be recovered
according to the information theory. Note that it is hard to

use high-resolution images as inputs for a neural network
due to the limited computation power. If digital image
processing is used for detection and quantification, the
image plane needs to be smooth enough with less noise,
which may not be practical in the engineering environment.
.erefore, the digital image processing method or DL
method cannot solve the microcrack task detection well
separately.

In this paper, in order to solve the microcrack detection
task in practical engineering, we proposed a modified
concrete bridge crack detector based on a DL-assisted
image processing approach. .e computational novelty is
threefold. First, the modular split design is considered.
More specifically, the latest YOLOv5 DL method is utilized
for crack classification and location, and the digital image
processing method is employed for crack quantification.
Second, we propose a novel digital image quantification
and crack recovery method by using a region connected
component search algorithm based on the crack trend.
.ird, the narrowest crack width that can be detected
reaches 0.15mm, and the absolute error can be controlled
within 0.05mm.

.e rest of the paper is organized as follows. In Section 2,
the network architecture of the modified bridge crack de-
tector based on the DL-assisted image processing approach
is presented. .e detection, quantification, and visualization
algorithms are described. In Section 3, the establishment of
bridge damage dataset, offline data augmentation, training
process, and crack classification and location results ob-
tained by the YOLOv5 algorithm are introduced in detail.
We analyze crack connected component optimization
methods, including the mask filter used to remove hand-
written marks, the ratio filter adopted to eliminate speckle
linear noises, the fusion of the same crack detection
bounding boxes, the regional adaptive threshold segmen-
tation, and the connected components search approach
based on the crack trend of area. Besides, we compare the
crack quantification accuracy with and without these opti-
mization methods. A comparison between the calculated
crack width based on the connected components and the
results measured by a bridge engineer using the crack width
gauge is given. Finally, conclusions are drawn.

2. Methodology

For practical bridge damage detection, it is necessary to
know whether there is damage, where is the damage, and
what is the size of the damage. Here, we proposed a modified
bridge crack detector based on the DL-assisted digital image
processing technique. .e microcrack task in practical en-
gineering is focused on.

2.1. Architecture of the Crack Detection Network Based on the
DL-Assisted Image Processing Approach. .e overall archi-
tecture of the damage detection network based on the DL-
assisted image processing approach is shown in Figure 1. It
includes two modular functional parts. At first, the region
with crack is identified through the DL-based detection
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network. Here, YOLOv5 is employed to get the predicted
bounding boxes. After that, according to the predicted
bounding boxes, the digital image processing techniques are
adopted to quantify the length and width of the cracks, and
the crack details are further visualized in the image.

2.2. Detection Algorithm. We use the target detection
method to determine whether there is a crack in the image
and where is the crack. .ere are many excellent neural
networks in the field of target detection [21], such as Faster
R-CNN [22], SDD [23], and EfficientDet [24]. We used the
latest network of the series of YOLO [25–28], that is, the
YOLOv5 network. Note that there is no corresponding
paper on this network at present, but the code has been open.
It is worthmentioning that the detectionmethod here can be
any network due to the modular design. When a subsequent
network that is more suitable for our detection task appears,
it can be adopted.

In the following, we introduce the YOLOv5 network..e
overall structure is shown in Figure 2. It can be divided into
three parts: backbone layer, neck layer, and head layer. In the
input part, the long edge of the original image was first scaled
to 608, and the short edge was scaled proportionally and
filled to 608 with 0 pixels..us, the input size is 608× 608× 3
for the backbone..e backbone is responsible for the feature
extraction, and the neck layer performs the multiscale
feature fusion. In the head layer, the bounding box is ob-
tained by predicting the coordinate offset, and the loss is
calculated by means of generalized intersection over union
(GIOU) between the predicted box and the ground truth
box. Bounding box classification and regression is directly
finished in the head layer.

More precisely, the backbone layer is responsible for
feature extraction of input image data, which is divided into
Focus structure and CSPNet structure. .e cross-stage

partial network (CSPNet) is used in the backbone layer,
which can extract abundant information features from the
input image [29]. CSPNet can be combined with other
networks such as ResNet [30] and ResNeXt [31]. Two kinds
of convolution kernels are employed. One is 3× 3 and is used
for feature extraction. .e other convolution kernel has a
size of 1× 1 and is used to flexibly control the depth of
feature maps. .e output feature map of the backbone layer
is 19×19× 512. Here, the role of the Res unit is to increase
the depth of the network and avoid the gradient vanishing or
gradient explosion caused by the increase of the depth of the
proposed detection network. .e neck layer uses a path
aggregation network (PANET) [32] and is mainly used to
generate a feature pyramid. PANET is based on Mask
R-CNN and feature pyramid network (FPN) frameworks
[33, 34]. .e convolution kernel of the neck layer is the same
as that of the backbone layer. In the spatial pyramid pooling
(SPP) structure, multiple pooling layers are used. .e size of
the pooling core is 5× 5, 9× 9, and 13×13, and the padding
is 2, 4, and 6, respectively. After the operation of the neck
layer, the output feature map scales are 19×19× 255,
38× 38× 255, and 76× 76× 255. .e head layer is a universal
detection layer, which is the same as that of YOLOv3 and
YOLOv4 [27, 28]. In the head layer, bounding boxes are
generated and classified. .ere are three output heads, whose
strides are 8, 16, and 32, respectively. .e receptive field of a
small-scale feature map is larger, which is used to detect large
targets. .e receptive field of a large-scale feature map is
smaller, which is used to detect small targets. .e three-scale
feature maps are jointly used to improve the accuracy of the
network. For these three output heads, each output feature
map has 19×19, 38× 38, or 76× 76 cells, respectively. Each
cell generates 3 bounding boxes; each bounding box contains
4 positional parameters, 1 confidence value, and 80 classes
(classes� 80 of the COCOdataset is used by default, and crack
is one of the classes). .erefore, the depth of the output

Crack detection Crack quantify
and visualize

Figure 1: .e overall flow of the modified concrete bridge crack detector.
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feature map is (4 + 1+ 80)× 3� 255. .e default confidence
threshold in YOLOv5 is 0.45..e bounding box is judged as a
positive sample, namely, crack, when its confidence is greater
than 0.45; otherwise, it is judged as noncrack.

In the process of training, YOLOv5 uses GIOU [35] to
calculate loss, which can be calculated as

IOU �
|A∩B|

|A∪B|
,

GIOU � IOU −
Ac − U




Ac

,

(1)

where A and B represent the predicting box and ground
truth box, respectively, Ac represents the smallest enclosing
rectangle of two rectangular boxes, and U represents the
union of two rectangular boxes; that is, A∪B.

2.3. Quantification and Visualization Algorithm. We pro-
pose a method to realize the crack quantification and vi-
sualization. .e processing steps are presented in Figure 3.
.rough the target detection network, we get the bounding
box of the crack in the original image, as shown in
Figure 3(a). Because the resolution of the original image is
high, in order to reduce the amount of calculation, we first
crop the original image to only retain the area with cracks
according to the bounding box, as shown in Figure 3(b).
Note that there are many noises in the crack area, such as the
salt and pepper noise in actual shooting, the concrete bridge
surface handwritten marks, dirt, weeds, and shadow

occlusion noises. In order to extract more pixel-level in-
formation about cracks, we extract the binary image of
cracks through image processing techniques. .e main steps
include median filtering and graying, CLAHE and local
segmentation, and image binary conversion [36–38]. .e
image obtained after median filtering and graying is shown
in Figure 3(c). We carry out CLAHE processing on the
image and then divide the image into multiple square re-
gions from top to bottom with the short side of the image as
the side length and calculate the redundant nonsquare parts
separately. For each region, local segmentation is performed
as shown in Figure 3(d). .en, the gray distribution of all
pixels in each square area is calculated.

Binarization is performed in each square region by
adaptive threshold segmentation. In our dataset, the reso-
lution of the image taken by the camera is 8688× 4888. .e
camera takes images from a distance of 50 cm. .e focal
length of the camera is 35mm. We randomly selected 50
images from the dataset. For these 50 images, the number of
pixels occupied by the crack width is recorded manually by
the bridge engineering experience. .e results show that the
number of pixels occupied by the crack width is less than 12
pixels. .erefore, in each square area, the maximum number
of pixels belonging to the crack is 12

�
2

√
a, where a is the side

length (pixel numbers) of the square area. In the image
histogram of each square area, the gray value corresponding
to the pixel number of 12

�
2

√
a is used as the threshold of

image binarization [39]. If the gray value of a given pixel is
larger than the threshold, it is judged as background; oth-
erwise, it is judged as crack. .e binary image of each square

SPPCSP1_1 CSP1_3 CSP1_3 CSP2_1
CSP2_1

CSP2_1

CSP2_1

CSP2_1

CSP1_X

608*608*3

76*76*255

38*38*255

19*19*255CSP2_X

CBL

CBL CBL

BN

BN CBL

CBL

CBL

Res
Unit

Res
Unit

CBLCBL

CBL CBL ADD

CBLSPP

Focus

Focus

Up
Sample

Leaky
Relu

Leaky
Relu

CBL BN Leaky
ReluConv

CONV CONCAT

MaxPool

MaxPool

MaxPool

MaxPool

Slice

Slice

Slice

Slice

Backbone Neck Head

=

= = = =

=

=

= =

=

Figure 2: .e overall architecture of the detection network based on YOLOv5.
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area is shown in Figure 3(e). Here, the black pixel 0 is the
background, and the white pixel 255 is the potential crack.
After threshold segmentation for each square region, these
small regions are combined to get a complete binary image
of the crack region, as shown in Figure 3(f). It can be seen
that there are still some handwritten marks, noises, spots,
and linear noises in the image. In order to better deal with
these noncrack noises, we removed handwritten marks with
a mask filter and filtered speckle linear noises with a ratio
filter. .e filtered results are shown in Figure 3(g).

.rough the connected component labeling algorithm
[40, 41], the binary image obtained after removing the
handwritten marks is transformed into the corresponding
connected component graph, as shown in Figure 3(h). It can
be seen from the connected component diagram that the
connected component belonging to the crack is

approximately linear, and the length is generally much larger
than the width. .erefore, line-like noise is further filtered
out by the aspect ratio feature of the connected component,
and speckled noise is filtered out by the area feature, as
shown in Figure 3(i). It can be observed that there are some
intermittent connected component fragments, and there are
still some unremoved noises. In order to make the visible
cracks more complete and clear and in line with the actual
trend of cracks, we propose a region connected component
search algorithm based on the connected component of
cracks. .e binary image of cracks after the connection is
shown in Figure 3(j).

After obtaining the contour coordinates of the crack
binary image, the length of the crack is calculated according
to the obtained coordinates, and the average width of the
crack is calculated by dividing the area of the connected
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Figure 3: .e flowchart of crack quantification and visualization.
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component by the length of the crack. When the contour is
drawn in the image of the crack region, the image visuali-
zation task of the crack is realized. .e visualization results
are shown in Figure 3(k). Finally, the visualization image is
mapped back to the original image according to the location
of the bounding box so that the visualization of the crack on
the original image is realized. Meanwhile, the results of the
crack length and width are displayed on the original image,
as shown in Figure 3(l).

3. Experiments and Results

In the present work, the experiments were performed on a
computer with the following configuration: two Intel
Xeon(R) E5-2620v4@2.1 GHz CPUs; 64GB Random Access
Memory; and NVIDIA Tesla P40 24GB GPU. .is method
was implemented based on the DL framework PyTorch [42].
.e experiments were conducted by modifying the open-
source library of YOLOv5 and OpenCV [43].

3.1. Experiments

3.1.1. Dataset. We manually collected and labeled the im-
ages to establish a dataset for training and testing the net-
work. .ree types of bridge damage, that is, crack, spall, and
rebar, are included in the dataset. 1000 digital photos with
8688× 4888 pixels are taken by a Canon EOS 5DS R camera.
All the images used in this study were acquired from the
periodic inspection for bridges by the CCCC First Highway
Consultants Co., Ltd. Note that the shooting distance and
focal length were fixed during the image acquisition process,
which was helpful for quantifying the damage. Here, we
focus only on the concrete cracks. We took cracks as targets,
marked ground truth, and produced a dataset. .e number
of images with the crack in the dataset is 487, and the dataset
is divided into three parts, training set, verification set, and
test set. .e verification set and test set, respectively, account
for 10% of all the images, and the training set accounts for
80% of all the dataset.

In order to speed up the convergence of the network, we
made statistics on the average value and standard deviation
of the pixels of the three channels of the image in the dataset
and obtained the following results: meanR,G,B �

[114.86, 111.59, 109.38] and stdR,G,B � [21.14, 21.38, 22.04].

After feeding the image into the network, the above two
sets of values are used for normalization by the Z-score
standardization method.

3.1.2. Offline Data Augmentation. As the amount of data
collected in the actual engineering was limited, we adopted
data augmentation to prevent the problem of overfitting in
the training process. Here, mosaic, random rotation, ran-
dom cropping, Gaussian noise, and manual exposure are
used [28, 44]. Data-augmented samples of the images in the
crack dataset are shown in Figure 4.

3.1.3. Training. During the network training, batch pro-
cessing was used to increase the training speed of the

network, the learning rate was set to 0.01, and the batch size
of both network training and validation was 16. A total of
200 training cycles were trained. Figure 5 shows the per-
formance of the network in the training process. .e loss
curve of the training set and the validation set in the network
training process, as well as the precision, recall, and mean
average precision (mAP) curve on the validation set, are
presented [45–47]. It can be seen that the training algorithm
converged rapidly, and high mAP can be obtained.

3.2. Results

3.2.1. Crack Detection Results. In order to quantify the
performance of the network in the target detection phase,
data from the validation set were used to verify the network
performance, and the results are presented in Table 1. Here,
88 images with 162 targets are detected. When the IoU
threshold is 0.5, the calculated mAP is mAP@0.5� 0.987.
When the threshold of IoU ranges from 0.5 to 0.95 with a
step of 0.05, the mean value of mAP is mAP@0.5:
0.95� 0.987.

Figure 6 presents the network detection results of cracks
in the experiment. We can find that, with the detection
network, the cracks can be successfully detected. But for
some cases, a single crack is detected as multiple bounding
boxes.

3.2.2. Crack Quantification and Visualization Results. (1)
Noise Removal.

(1) Mask filter removes handwritten marks.
Here, we remove the handwritten marks to reduce
the connection error caused by connecting to the
handwritten marks. After the crack binary image is
extracted, the color (blue) information of the
handwritten mark is extracted in the HSV (Hue,
Saturation, Value) color space to obtain the mask of
the blue marker. Note that the extracted mask also
contains other speckle noises, which are much
smaller than the area of handwritten marks.
.erefore, image morphology operation, image
corrosion, and image expansion operations can be
carried out on the mask to remove these speckle
noises, leaving only the part of handwritten marks.
As shown in Figure 7, the binary image is multiplied
by the corresponding pixel points of the mask after
pixel inversion to obtain the crack binary image with
handwritten marks removed. .e visual results of
cracks before and after the removal of handwritten
marks are also presented. It can be seen that, with the
mask filter, the connection to the handwritten mark
is avoided in Figure 7(d).

(2) Ratio filter removes noise.
In order to remove the noncrack noise through the
crack morphological features and retain the crack
pixel information as much as possible, we have made
statistics on the width and length scale information
in the crack connected component diagram.
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Figure 5: .e performance of the network in the training process: (a) train box loss, (b) train objectness loss, (c) precision, (d) recall, (e) val
box loss, (f ) val objectness loss, (g) when the IoU threshold is 0.5, the calculated mAP (map@0.5), and (h) when the threshold of IoU ranges
from 0.5 to 0.95 with a step of 0.05, the mean value of mAP (mAP@0.5 : 0.95).
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Figure 4: Data-augmented samples of the images in the crack dataset: (a) original image, (b) mosaic, (c) random rotation, (d) random
cropping, (e) Gaussian noise, and (f) manual exposure.
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Figure 8(a) is the original crack binary image
extracted through image processing, and Figure 8(d)
is the corresponding width-length ratio distribution
of all connected components. It can be seen that the

width-length ratio of all connected components in
the extracted crack binary image is dispersive.
Figure 8(b) is the ideal crack binary image, which is
the expected binary diagram of cracks after removing

Figure 6: .e network detection results of cracks.

(a) (d) (e)(b) (c)

Figure 7: Method of removing handwritten marks and the visual results of cracks before and after the removal of handwritten marks:
(a) mask after pixel inversion, (b) crack binary image, (c) crack binary image after removing handwritten marks, (d) visualization with
handwritten marks not removed, and (e) visualization with removing handwritten marks.

Table 1: Detection result.

Images Labels Precision Recall mAP@0.5 mAP@0.5 : 0.95
88 162 0.92 0.975 0.987 0.987
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noise. However, it is impossible to separate these real
connected components completely by the available
connected component information. .erefore, it is
desirable to retain more connected components that
are likely to belong to cracks and remove those
connected components that are less likely to belong
to cracks. According to the usual crack shape, the
length of the connected component belonging to the
crack is generally much larger than the width. .us,
the connected component with a small width-length
ratio is more likely to belong to the crack. Figure 8(e)
shows the width-length ratio of the connected
component corresponding to the ideal crack binary
image. It can be seen that the ratio of the majority of
connected components belonging to cracks is less
than 0.6. According to Figure 8(e), we sorted the
connected components in the extracted crack binary
image by the width-length ratio in ascending order
and selected the first 60% connected components.
Figure 8(c) is the actual crack binary image obtained
after filtering according to width-length ratio

characteristics. Figure 8(f) displays the width-length
ratio corresponding to Figure 8(c). Obviously, most
of the cracks that canmaintain crackmorphology are
left after filtering.

(2) Fusion of Multiple Bounding Boxes for the Same Crack.
When the detection network is used to identify the cracks, a
crack in the image may have multiple bounding boxes be-
cause of the disconnection of the cracks or the inaccurate
network identification. In that case, the visualized cracks are
not continuous, and the number of cracks cannot be counted
correctly. .erefore, we further perform a fusion operation
for multiple bounding boxes.

We sort multiple bounding boxes detected in an image in
ascending order according to the y coordinate of the upper
left point and save them in the list, as shown in Figure 9(a).
.e coordinate of the upper left point of the first bounding
box A is (x1, y1), and the coordinate of the lower right point
of the first bounding box is (x1′, y1′). For the remaining
bounding boxes with the coordinates of the upper left point

(a) (b) (c)
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Figure 8:.e process of filtering the connected domain to eliminate the noncrack noise: (a) the original crack binary image, (b) the ideal crack
binary image, (c) the actual crack binary image, and (d–f) the width-length ratio of the connected domains corresponding to (a), (b), and (c).
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(xi, yi), we examine whether the following condition is
satisfied:

x1 − Δx≤ x≤x1′ ,

y1 ≤y≤y1′,
(2)

where △x is the width of the first detection box, △x� |
x1′− x1|.

If a bounding boxmeets the condition, the bounding box
and the first bounding box overlap and need to be fused. For
example, the bounding box covers C and C′ are overlapped
with the bounding box covers A and A′. If no bounding box
satisfies (2) for the first bounding box, then we repeat the
process from the second bounding box until all the
bounding boxes are checked. .e aim of bounding box
fusion is to find the minimum outer rectangle of the two
bounding boxes. Specifically, we adopt the coordinates of the
upper left point and the lower right point of the two
bounding boxes and return the vertex coordinates of the
fusional bounding box. When the bounding boxes are fused,
we delete the original two bounding boxes from the list and
add the fusional bounding box to the top of the list. A visual
comparison of multiple bounding boxes corresponding to
the same crack before and after fusion is shown in
Figures 9(b) and 9(c). Obviously, in Figure 9(b), two
bounding boxes are detected for a single crack, while only a
single fusional bounding box exists in Figure 9(c).

(3) Crack Connection Strategy. As shown in Figure 3(i), the
filtered connected component image contains some inter-
mittent connected component fragments and some unre-
moved noises. In order to make the visible cracks more
complete and clearer, we need to connect these connected
components in line with the actual trend of the cracks.

Meanwhile, we consider the method to avoid the connection
to noise.

We propose a region connected component search al-
gorithm based on the crack trend. .e flowchart of the
proposed algorithm is shown in Figure 10(a)..e first step is
to initialize the index and vertex coordinates of each con-
nected component. .e second step is to update the con-
nected component and select the connected component with
the largest aspect ratio in the image as the current connected
component. In the third step, we consider a downward
connection from the current connected component and
build a square search box according to the lower vertex of the
current connected component. .e width of the search box
is equal to the width of the image. .e schematic diagram of
the connection is shown in Figure 10(b)..e fourth step is to
find the target connected component to be connected in the
search box. In the search box, the distance d and the angle θ
between the lower vertex of the current connected com-
ponent and the upper vertex of the next candidate connected
component are calculated..en, the confidence degree c can
be calculated as follows:

c � d × sin
θ
2
. (3)

We can choose the candidate connected component with
the smallest c as the target connected component.

If such a target connected component is found in the
search box, a white line is used to connect the lower vertex
of the current connected component and the upper vertex
of the target connected component. .e width of the white
line is the average width of the current connected com-
ponent and the target connected component. After the
connection is complete, we delete the index of the current
connected component, update the target connected

A (x1,y1)

C (x3,y3)

B (x2,y2)

O

A′ (x1′,y1′)

x

C′ (x3′,y3′)

B′ (x2′,y2′)

y

(a) (b) (c)

Figure 9: A visual comparison of multiple bounding boxes in the same crack before and after fusion: (a) bounding boxes’ diagram,
(b) multiple bounding boxes before fusion, and (c) fusional bounding box.
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component as the current connected component, and
continue the downward connection. If such target con-
nected component cannot be found in the search box, we
directly delete the current connected component index,
select the next connected component index as the novel
current connected component index, and continue the
downward connection. When the connection is connected
to the index of the last connected component, if there is no
other unconnected connected component in the dictionary
set of the connected component, the connection process
ends. In the present application scenario, a single

longitudinal extension of the crack is considered, which is
the most common one. So far, the downward connection
from the initial connected component is completed.
Correspondingly, the upward connection from the initial
connected component can also be performed in a similar
way.

(4) Crack Quantization Result. In the following, we cal-
culate the actual length and width of the crack from the
target connected component. We assume that the total
number of connected components selected to represent

Initialize
Connected

domain

Update current
connected domain

Build a search box

Find the
target connected

Component?

Connect
connected
component

Delete
connected
connected
component

index

Are there 
unconnected 

connected 
domains?

End

Yes
No

No

Yes

(a) (b)

Figure 10: (a) Flowchart and (b) schematic diagram of the crack connection algorithm.
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the actual crack is N. .e area of the i-th connected
component is Si, and the length is li. .e area of the
connected component is just the number of pixels in the
connected component.

For quantification of the crack length, the length of the
connected domain is the number of pixels after the skeleton
extraction of the connected domain. .e actual length of the
crack L is equal to the sum of the length of the entire
connected domains times the actual distance δy of each pixel
in the vertical direction of the image, namely,

L � δy 

N

i�1
li. (4)

For quantification of the crack width, the width of the i-
th connected component is calculated as wi � (si/li). .us,
the average width of the N filtered connected components
can be calculated as follows:

wd �


N
i�1 wi

N
. (5)

Table 2: Quantitative results of crack width.

Crack number .e width measured by a
crack width gauge (mm) Quantized mean width wc (mm) Absolute error (mm) Relative error (%)

#101 0.40 0.39 −0.01 −2.5
#102 0.30 0.28 −0.02 −6.7
#103 0.26 0.29 0.03 11.5
#104 0.31 0.34 0.03 9.7
#105 0.29 0.27 −0.02 −6.9
#106 0.18 0.19 0.01 5.6
#107 0.45 0.47 0.02 4.4
#108 0.40 0.37 −0.03 −7.5
#109 0.40 0.38 −0.02 −5.0
#110 0.40 0.41 0.01 2.5
#111 0.31 0.34 0.03 9.7
#112 0.35 0.39 0.04 11.4

(a) (b) (c) (d) (e) (f )

(g) (h) (i) (j) (k) (l)

Figure 11: Graph of crack quantization results: (a) #101, (b) #102, (c) #103, (d) #104, (e) #105, (f ) #106, (g) #107, (h) #108, (i) #109, (j) #110,
(k) #111, and (l) #112.
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.erefore, the average width of the crack wc is equal to
the average width of the entire connected component times
the actual distance δx of each pixel in the horizontal direction
of the image, namely,

wc � δx


N
i�1 si/li( 

N
. (6)

Here, the resolution of the image taken by the camera is
8688× 4888. .e camera takes images from a distance of
50 cm. .e focal length of the camera is 35mm. .e com-
parison between the calculated wc and the crack width
measured by a crack width gauge in the actual bridge de-
tection engineering is shown in Table 2. It can be seen that
the widths of cracks in actual concrete bridges are generally
less than 0.5mm. .e absolute error of the crack width
obtained by our proposed crack quantification method is
−0.03∼0.04mm, and the relative error is −7.5% to 11.5%. For
the cracks above 0.15mm, the absolute error of the width
quantification results is less than 0.05mm. .e crack
quantification results and visualization results are shown in
Figure 11. It can be observed that good measurement ac-
curacy is obtained.

4. Conclusion

In conclusion, we proposed a method of concrete bridge
crack detection and quantification based on a DL-assisted
image processing approach. .e detection and the quanti-
fication phases are separately designed, which can easily
replace the target detection network with an advanced DL
algorithm..e target detection network based on DL is used
to determine whether there is a crack in the image and then
extract the crack area. In addition, we proposed a new digital
image quantification and crack visualization method by
introducing the region connected component search algo-
rithm based on the crack trend.

In our dataset, we collected 487 original images. Among
them, 399 images were processed by offline data augmen-
tation to obtain 3365 images as a training set, and the
remaining 88 images were used for testing. .e proposed
DL-assisted digital image crack detection and quantification
approach achieved 92.0% precision, 97.5% recall, and 98.7%
mAP@0.5 in the detection stage for the testing set. With the
subsequent noise processing and connected component
connection, the narrowest crack that can be detected,
quantified, and visualized is about 0.15mm, and the absolute
error is within 0.05mm. .ese results show that the pro-
posed crack detection and quantification method can im-
prove the detection efficiency and reduce the detection cost,
which is helpful and valuable for the intelligent development
of bridge detection.

Note that there are still several directions that need to be
improved. First, the crack merging, which is desired for
crack statistics and evaluation, is not carried out in our
solution. Second, the current dataset is still small, and a
larger dataset may further improve the accuracy of the
proposed algorithm in practical application.
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