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The delayed fracture of high-strength bolts occurs frequently in the bolt connections of long-span steel bridges. This phenomenon
can threaten the safety of structures and even lead to serious accidents in certain cases. However, the manual inspection
commonly used in engineering to detect the fractured bolts is time-consuming and inconvenient. Therefore, a computer
vision-based inspection approach is proposed in this paper to rapidly and automatically detect the fractured bolts. The
proposed approach is realized by a convolutional neural network- (CNN-) based deep learning algorithm, the third version of
You Only Look Once (YOLOv3). A challenge for the detector training using YOLOv3 is that only limited amounts of images
of the fractured bolts are available in practice. To address this challenge, five data augmentation methods are introduced to
produce more labeled images, including brightness transformation, Gaussian blur, flipping, perspective transformation, and
scaling. Six YOLOv3 neural networks are trained using six different augmented training sets, and then, the performance of
each detector is tested on the same testing set to compare the effectiveness of different augmentation methods. The highest
average precision (AP) of the trained detectors is 89.14% when the intersection over union (IOU) threshold is set to 0.5. The
practicality and robustness of the proposed method are further demonstrated on images that were never used in the training
and testing of the detector. The results demonstrate that the proposed method can quickly and automatically detect the
delayed fracture of high-strength bolts.

1. Introduction

High-strength bolt connections are widely used to assemble
the load-bearing members of the steel structure in long-span
steel bridges. The popularity of the bolt connections is attrib-
uted to their low cost, high reliability, and rapid assembly
[1]. However, these bridges are often operated in adverse envi-
ronments and subject to corrosion [2, 3], vibration and fatigue
[4, 5], and thermal cycling, which can contribute to the dam-
age of bolts. The damage types of bolts that occur the most
include the looseness and delayed fracture. The delayed frac-
ture of bolts refers to the sudden fracture of bolts under con-
stant tension [6]. Due to the huge energy released by the
brittle fracture, the fractured bolts will be missing. The damage
of bolts will threaten the safety of the bridges and may even
lead to severe accidents. Hence, it is necessary to monitor the
bolt condition in the daily operation and maintenance phase.

Over the decades, structural health monitoring methods
have attracted lots of attention [7–10], and they have been
applied to detect the bolt damage [11, 12]. They mainly rely
on the sensor technology to identify the variations of the pre-
load, including piezoelectric active sensing methods [13, 14],
the electromechanical impedance methods [15, 16], and the
vibroacoustic modulation methods [17, 18]. A “smart washer”
with a piezoceramic patch sandwiched between two flat metal
rings was developed to monitor the bolted joint through the
active sensing method [19]. Further, the fluctuation of the
impedance signatures in frequency was utilized to evaluate
the bolted joint with the developed “smart washer” [20]. A
novel vibroacoustic modulation method was proposed to
monitor the early looseness of a bolt in real time [21]. Notably,
although the contact sensor-based methods are proposed to
detect the decrease of preload induced by initial bolt looseness,
they can also be used to detect the delayed fracture of bolts,
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which is a kind of brittle damage and can result in the disap-
pearance of the preload [22, 23]. Nonetheless, the contact
sensor-based methods face the challenge of the cost scaling
up when monitoring multiple bolts, because one sensor can
only perform the measurement at one bolt. As a result, most
bridges are impossible to equip with enough sensors, and the
current monitoring method in practice highly relies on man-
ual inspection. However, the whole inspection process is very
dangerous and inefficient. As shown in Figure 1, maintenance
workers are inspecting the delayed fracture of high-strength
bolts on a long-span steel bridge.

In recent years, computer vision technology has received
substantial attention as an interdisciplinary subject, and it
has been applied in civil infrastructure inspection and moni-
toring to improve the accuracy and efficiency of manual vision
inspection [24, 25]. It has been applied to detect bolt damage
because there are always a huge number of bolts in actual steel
structures. Park et al. [26] proposed a vision-based method to
evaluate the rotation angle of a bolt nut. Cha et al. [27] utilized
the image-processing techniques and the support vector
machine to detect the bolt looseness. However, traditional
computer vision-based methods have poor robustness and
low accuracy. On the other hand, the convolutional neural
network (CNN) has gained great success in computer vision
[28] with the development of deep learning technology, and
CNN-based algorithms have achieved the most advanced
performance in various tasks, including image classification
[29], object detection [30], and semantic segmentation [31].
This kind of technology has also been applied for bolt damage
detection. Huynh et al. [32] proposed a quasiautonomous bolt
looseness detection method, where the plausible bolts were
detected using a CNN-based object detector and the rotation
angle of each bolt was measured by the Hough line transform.
Zhao et al. [33] proposed a method for the measurement of the
bolt-loosening rotation angle using a CNN-based object detec-
tor. Wang et al. [34] designed a computer vision-based method
by integrating the perspective transformation to detect the bolt
looseness for flange connections. However, most studies have
only focused on the detection of bolt looseness, and there is
no research on the inspection of the delayed fractures in
high-strength bolts, to the authors’ best knowledge. The visual
characteristics of the delayed fracture of high-strength bolts are
totally different from looseness, because the fractured bolts will
be missing due to the tremendous amount of energy released
by the fracture [22, 23]. Notably, bolt delayed fracture can be
more dangerous than bolt looseness in theory, because the
former will cause the vanishing of the preload, whereas the
latter will only reduce the force. Hence, this paper proposed a
computer vision-based inspection method for the delayed frac-
ture of bolts, where the damage was detected and located in an
automated fashion using an object detection algorithm.

The task of the object detection is to classify and locate the
targets in the image, and various algorithms have been devel-
oped with high recognition accuracy. The CNN-based object
detection methods can be divided into region-based and
region-free classifications according to the differences in the
idea of the algorithm. The region-based approaches, such as
the region-based convolutional neural network (R-CNN)
[35], Fast R-CNN [36], and Faster R-CNN [37], combine

region proposals and CNN to detect objects. The region pro-
posals are produced from the input image, and they are treated
as the set of candidate detections. The region-free methods,
such as Single Shot MultiBox Detector (SSD) [38], You Only
Look Once (YOLO) [39], YOLOv2 [40], YOLOv3 [41], and
YOLOv4 [42], frame the object detection task as a regression
problem, and these methods directly detect objects from the
input image by using CNN. The speed of region-based
methods is slower than region-free methods due to the neces-
sity of region proposals. Hence, the region-free methods were
selected in our research for the real-time detection. In addition,
YOLOv3 boasts improved performance for detecting small
objects in wide-scale images [43, 44]. The size of the delayed
fracture of bolts is relatively small in an image of a bolt connec-
tion. Therefore, YOLOv3 is selected to detect the delayed
fracture of bolts.

On the other hand, the performance of the CNN-based
object detector heavily relies on extracting information from
abundant labeled images, and the performance can be
improved with the increase of training data in amount and
diversity. However, it is quite difficult to acquire enough
labeled images in practice, and then, the performance of the
trained detector is always limited to some extent. For the bolt
damage detection task in long-span steel bridges, images are
difficult to be captured due to the environmental complexity
and limitation (such as the positions of fractured bolts in a
long-span bridge are inaccessible in most cases), and the man-
ual labeling of the images is laborious due to the concentration
of bolts.

Data augmentation is one of the most commonly used
methods to alleviate this problem, and it can automatically
enlarge the dataset by utilizing the existing images [45, 46]. In
recent years, many data augmentation methods have been
developed for object detection, and images are augmented by
many kinds of image-processing technologies. The widely used
technologies include brightness transformation, flipping, noise
addition, and perspective transformation [47]. For example,
Fast R-CNN and Faster R-CNN use horizontal flipping to
augment training data [36, 37]. The perspective transformation
was introduced to enlarge the training dataset for transmission-
line object detection [48]. Although many augmentation tech-
niques are available, the selection of the techniques is task-
specific and primarily depends on the experience. Thus, the
augmentation effects are still unclear for each method in the

Figure 1: Maintenance workers are inspecting the bolt delayed
fracture in a long-span steel bridge.
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detector training of fractured bolts, and it is necessary to study
the effectiveness of different data augmentation methods.

In this paper, a computer vision-based inspection method
is developed to automatically detect and locate the bolt delayed
fracture, and a series of data augmentation methods are
utilized to improve the performance of the detector without
external laboriousness. In addition, the impact of different data
augmentation methods on the performance of the detector is
analyzed.

2. Methodology

2.1. Workflow of the Detection Method for the Bolt Delayed
Fracture. As shown in Figure 2, the whole process involves
three steps, including dataset preparation, detector training,
and damage detection. During dataset preparation, many raw
images of high-strength bolt connections are first collected
through a camera device. Then, the labeled images can be
obtained by artificial labeling and data augmentation, where
the damage is labeled by enclosing rectangle bounding boxes.
The pairwise images and labels are used to train the YOLOv3
neural network until it can pass the performance checking.
Finally, the trained neural network can be used as a damage
detector to perform damage detection in the real world.

2.2. Overview of YOLOv3 Detector. YOLOv3 is evolved from
its predecessors: YOLO and YOLOv2, which mainly improves
the detection accuracy, especially for the detection of small tar-
gets. Specifically, a new network, Darknet53, integrating resid-
ual networks and Darknet19 (the network used in YOLOv2)
was introduced to improve the ability of feature extraction,
and the multiscale prediction is used to help simultaneously
obtain semantic information and fine-grained information
from different feature maps. The architecture of YOLOv3 is
shown in Figure 3.

At the beginning of the training process, the image-label
pairs are fed into the neural network. Each input image is
adjusted to a fixed size, and then, it is divided into S × S grids
using upsampling and feature fusion operations. Each grid is
tasked with detecting objects that have their center coordinates
enclosed by the grid. Each grid outputs b bounding boxes and c
conditional category probability. Each bounding box can be
determined by the coordinate information (x, y, w, and h)
and the confidence score (Sc). The coordinates (x, y) point
towards the center of the bounding box. The parameters w
and h are, respectively, the width and height of the bounding
box. Sc can be obtained according to Equation (1). The loss
function value is calculated using the prediction value and label
value. The adjustable parameters in the neural network are
updated using a backpropagation algorithm. The process is
repeated until the loss function value converges at a small
value. During the inference process, only the image is fed into
the trained neural network, and the prediction of the neural
network is regarded as the detection result.

Sc = P Objectð Þ × IOUtruth
pred , P Objectð Þ ∈ 0, 1f g, ð1Þ

where PðObjectÞ is equal to 0 when no object exists in the grid;
otherwise, its value is 1. IOUtruth

pred is the intersection over union

(IOU) between the predicted bounding box and the ground
truth of the object.

The loss function in YOLOv3 consists of three parts: coor-
dinate loss, IOU loss, and classification loss. All of them corre-
spond to the output of the neural network prediction. However,
the classification loss is removed in this paper, because the
number of classifications is only one. The loss function used
in this paper is shown in the following equation:
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where λnoobj and λcoord are the efficiencies of the IOU loss and

coordinate loss, respectively; x̂i, ŷi, ŵi, ĥi, Ŝci are the ground

truth values. The value of Iobjij is 1, when the target falls into
the jth bounding box of the ith grid; otherwise, it is equal to 0.

In addition, the average precision (AP) is used as an
indicator to estimate the performance of the damage detec-
tor. The AP sums up the precision-recall curve by comput-
ing the area under the curve [49]. The precision (P) and
recall (R) are defined as follows:

P =
TP

TP + FP
,

R = TP
TP + FN

,
ð3Þ

where true positives (TP) indicate the number of fractured
bolts correctly detected by the detector. False positives (FP)
point to the number of other objects in the background
falsely detected as fractured bolts. False negatives (FN) refer
to the number of fractured bolts missed by the detector.

2.3. Data Augmentation Methods to Improve the Detector
Performance. To improve the performance of the detector, five
data augmentation methods were introduced in this paper,
including brightness transformation (BT), Gaussian blur
(GB), flipping (FL), perspective transformation (PT), and scal-
ing (SC). The data augmentation methods are selected consid-
ering the practical change of the captured images in engineering
and the label preserving ability after augmentation. The BT can
mimic images taken under different light intensity conditions.
The GB can simulate vague images taken under some unfavor-
able situations, such as long-distance, slightly out of focus, and
foggy weather. The PT can imitate images taken from different
viewpoints, including the positions that the camera device
cannot reach. The FL can further produce new images captured
from different viewpoints. The SC can simulate the image
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resolution changes. The sample images after data augmentation
are shown in Figure 4, where the labels of the image are repre-
sented by green rectangular bounding boxes.

The data augmentation methods take an image and its
label as input and automatically generate a new augmented
image and corresponding label. As shown in Figure 4, the
BT and GB do not change the coordinates of the bounding

box, whereas the PT, FL, and SC can result in the coordinate
change of the bounding box. Hence, the bounding boxes
after BT and GB are the same as the original bounding
boxes, and the bounding boxes after FL, PT, and SC should
be rectified.

The details of the data augmentation methods are
described in the following text. The linear BT was used in

Raw images

Labeled images

New raw images

YOLOv3
neural network

Performance
checking

Satisfied?

Damage
detector

Reporting
detection

result

1. Dataset preparation 2. Detector training 3. Damage detection

No Yes

Figure 2: Flowchart of the proposed bolt delayed fracture-detection method.

Type Filters Size
Convolutional 32 3×3
Convolutional 64 3×3/2

1×
Convolutional 32 1×1
Convolutional 64 3×3
Residual
Convolutional 128 3×3/2

2×
Convolutional 64 1×1
Convolutional 128 3×3
Residual
Convolutional 256 3×3/2

8×
Convolutional 128 1×1
Convolutional 256 3×3
Residual
Convolutional 512 3×3/2

8×
Convolutional 256 1×1
Convolutional 512 3×3
Residual
Convolutional 1024 3×3/2

4×
Convolutional 512 1×1
Convolutional 1024 3×3
Residual

YOLOv3 detection

Convolutional sets Convolutional sets Convolutional sets

Darknet53 without FC layers

Scale 1 Scale 2 Scale 3

Figure 3: The architecture of YOLOv3 neural network.
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this paper, which directly multiplies the pixel value of the
image by a certain coefficient. The GB takes the average
value of pixels around a certain point as the pixel value of
that point, and the surrounding pixels are assigned different
weights according to the distance and the normal distribu-
tion. The FL consists of vertical flipping and horizontal flip-
ping, and the rectified bounding box can be obtained easily
according to the symmetry. The bilinear interpolation tech-
nique was used to change the image resolution, and the rec-
tified image and bounding box can be obtained according to
the scaling coefficient. The PT transforms an image from
one plane into another plane by a perspective transforma-
tion matrix, as shown in Equation (4). The components of
the matrix can be obtained according to four pairs of points
following Equation (5). As shown in Figure 5, four vertices
(A0, B0, C0, and D0) of the input image and four random

sampling points ðA0
∗, B0

∗, C0
∗, andD0

∗Þ of the augmented
image were used to calculate the perspective transformation
matrix, and the coordinates of each point can be obtained
following Equations (6) and (7). After obtaining the perspec-
tive transformation matrix, a rectangular bounding box
(A1B1C1D1) in the input image can be transformed to a
quadrangle bounding box (A1

∗B1
∗C1

∗D1
∗) in the aug-

mented image following Equation (4). However, the nonrec-
tangular bounding boxes cannot be trained by CNN. To
tackle this problem, the nonrectangular bounding boxes
are rectified using label alignment to generate the new rect-
angular bounding boxes automatically. To make sure the
generated rectangular bounding box totally contain the bolt
damage, we let x1PT = x2PT = min fx1∗, x2∗, x3∗, x4∗g, y1PT =
y3PT = min fy1∗, y2∗, y3∗, y4∗g, x3PT = x4PT = max fx1∗, x2∗,
x3

∗, x4∗g, and y2PT = y4PT = max fy1∗, y2∗, y3∗, y4∗g. The

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k)

Figure 4: Sample labeled images with different augmentation methods: (a) original image, (b, c) brightness transformation, (d, e) Gaussian
blur, (f, g) flipping, (h, i) perspective transformation, and (j, k) image scaling.
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generated rectangular bounding box can be represented by
A1PT = ðx1PT, y1PTÞ, B1PT = ðx2PT, y2PTÞ, C1PT = ðx3PT, y3PTÞ,
andD1PT = ðx4PT, y4PTÞ. The augmented image and the original
image have the same size, and the blank area in the augmented
image is filled with black pixels.
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t11 t12 t13

t21 t22 t23

t31 t32 1

2
664

3
775vi, ð4Þ

x1 y1 1 0 0 0 −x1x
∗
1 −y1x

∗
1

x2 y2 1 0 0 0 −x2x
∗
2 −y2x

∗
2

x3 y3 1 0 0 0 −x3x
∗
3 −y3x

∗
3

x4 y4 1 0 0 0 −x4x
∗
4 −y4x

∗
4

0 0 0 x1 y1 1 −x1y
∗
1 −y1y

∗
1

0 0 0 x2 y2 1 −x2y
∗
2 −y2y

∗
2

0 0 0 x3 y3 1 −x3y
∗
3 −y3y

∗
3

0 0 0 x4 y4 1 −x4y
∗
4 −y4y

∗
4

2
666666666666666664

3
777777777777777775

t11

t12

t13

t21

t22

t23

t31

t32

2
666666666666666664

3
777777777777777775

=

x∗1

x∗2

x∗3

x∗4

y∗1

y∗2

y∗3

y∗4

2
666666666666666664

3
777777777777777775

,

ð5Þ

where T is the projective transformation matrix, vi = ðxi, yi, 1Þ
is a point in the original image, and ui = ðx∗i , y∗i , 1Þ is a point
in the PT augmented image.

xtl, xbl, xbr, xtr ∈ 0,W × λð Þ, ð6Þ

ytl, ybl, ybr, ytr ∈ 0,H × λð Þ, ð7Þ

whereW andH represent the width and height of the image; xtl
, xbl, xbr, xtr, ytl, ybl, ybr, and ytr are the distances from points to
the corresponding image boundary; and λ is the intensity
parameter for perspective transformation; and the greater the
λ, the more obvious the perspective phenomenon.

3. Experimental Verification

3.1. Dataset Preparation. Due to the practical challenges of
obtaining large amounts of images depicting the bolt delayed
fracture in real bridges, only two images of delayed fractured
bolts from an actual suspension bridge were collected in this
study. It is impossible to train the YOLOv3 neural network
with such a limited number of images; however, these two
images can be used to demonstrate the practicability of the
proposed method. Thus, training images were generated
using two steel plates held together with high-strength bolts.
Many images of fractured bolts were collected from the fab-
ricated steel plates to train the neural network.

In this paper, a total of 500 raw images were collected at
3016 × 3016-pixel and 3016 × 4032-pixel resolutions by a
smartphone camera from Xiaomi Mi 6. The distance between
the object and the camera is approximately from 0.2m to
1.5m. To obtain different lighting intensities of a bolt image
in an actual bridge, the images were collected outside during
different times of the day (e.g., 9 a.m., 1 p.m., and 5p.m.).
The relationship between the camera’s viewing direction and
the direction of the sunlight illumination will also influence
the brightness of the images. Hence, during the image collec-
tion, the conditions of front-lighting, back-lighting, and side-

Perspective transformation

Label alignment

A1 (x1, y1)

A0 (0, 0) D0 (W, 0)

B0 (0, H)

A0
⁎ (xt1, yt1)

C0 (W, H)

B0
⁎ (xbl, H-ybl)

D0
⁎ (W-xtr, ytr)

C0
⁎ (W-xbr, H-ybr)

B1(x2, y2) C1 (x3, y3)

D1 (x4, y4)

A1
⁎(x1

⁎, y1
⁎) D1

⁎(x4
⁎, y4

⁎)

B1
⁎(x2

⁎, y2
⁎) C1

⁎(x3
⁎, y3

⁎)

A1PT (x1PT, y1PT) D1PT (x4PT, y4PT)

C1PT (x3PT, y3PT)B1PT (x2PT, y2PT)

Figure 5: Flowchart of the perspective transformation data augmentation.
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lighting are all considered. The direction of the camera viewing
was set parallel, antiparallel, and perpendicular to the vector of
the sunlight, which can, respectively, simulate front-lighting,
back-lighting, and side-lighting. Since the shadow from clouds
or the bridge structure will affect the detection accuracy, images
were also gathered under scattered tree shade. The apparent
shape of the bolt changes based on the viewing angle, and thus,
images were taken from multiple viewing angles for the same
fractured bolt during image acquisition.

After the image acquisition, the fractured bolts in all 500
images were manually labeled with bounding boxes using
the custom code written in Python. And considering the
convenience of using the dataset in the future, the dataset
is converted to PASCAL VOC format [49]. A “.XML” file
including the information of the labeled bounding boxes
was generated for each image after successful labeling. The
file was then converted into a “.txt” file suitable for the train-
ing. The labeled images were then randomly divided into
three sets: training set, validation set, and testing set, with
320, 80, and 100 images for each set, respectively. During
the labeling process, a total of 439 objects were annotated
in the 320 training images. The training set was utilized to
train the neural network, and the validation set was used
to aid the training and avoid overfitting. After training, the
performance of the trained detector was estimated with the
testing set. Notably, five extra training sets were generated
using five data augmentation methods based on the original
training set, and finally, a total of six training sets (DAOR,
DABT, DAGB, DAFL, DAPT, and DASC) were established in
this research and used to train six neural networks. DAOR
is the original training set with 320 manually labeled images.

DABT, DAGB, DAFL, DAPT, and DASC are the training sets
consisting of augmented images generated by the corre-
sponding augmentation method and manually labeled
images. The augmented images were produced before train-
ing for convenience.

Two BT coefficients were randomly selected from 0.6 to
1.4 and utilized to adjust the brightness for images in DAOR,
and as a result, 640 new images were generated. The range of
the brightness transformation coefficient was determined
based on whether the edge of the target can be identified using
naked eyes. The original images in DAOR were also modified
using GB to generate 640 additional images. The standard
deviation for the Gaussian kernel was randomly selected
between 0 and 3.0. The range of standard deviations was set
in the same manner mentioned in BT. The images in DAOR
were horizontally and vertically flipped, and 640 new flipping
images were produced. The scaling coefficient was selected
from 0.1 to 1.9, and 640 new augmented images were pro-
duced. The PT was applied twice, and 640 new augmented
images were generated. The perspective intensity parameter
λ was selected from 0.1 to 0.3. The number of images in differ-
ent data sets is shown in Table 1.

3.2. Implementation Details during Training Process. All
experiments were performed on a personal computer:
Lenovo R720 (a Core i7-7700HQ CPU @ 2.80GHz, 8GB
DDR4 memory, and 2GB memory NVIDIA GeForce GTX
1050 Ti GPU). All the training and testing processes were
conducted on the GPU. The YOLOv3 neural network was
developed using Python 3.6.5 under TensorFlow 1.8.0 frame.

Before the beginning of experiments, the k-means cluster-
ing algorithm was applied on the size of the bounding boxes
of images in DAOR to obtain the bounding box priors and facil-
itate network learning and detection results. The clustering
results are shown in Figure 6. The number of clusters is set at
9 as follows: ð15 × 11Þ, ð13 × 14Þ, ð20 × 17Þ, ð22 × 21Þ, ð25 ×
26Þ, ð35 × 31Þ, ð45 × 45Þ, ð74 × 74Þ, and ð131 × 160Þ.

In order to improve the detection accuracy of the detec-
tor and adapt to the required input format of the Darknet53,
the size of the input image is set to 416 × 416 pixels. Due to

Table 1: The number of images in the datasets.

Dataset DAOR DABT DAGB DAPT DAFL DASC Validation set Testing set

Number 320 960 960 960 960 960 80 100

1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

2 3 4 5 6 7 8
Number of clusters

A
vg

 IO
U

9 10 11 12 13 14 15

Figure 6: The result of k-means clustering on the original training
set.

Table 2: The average precision (AP) of the detectors using different
training sets (%).

Training set DAOR DABT DAGB DAPT DAFL DASC

AP0.5 84.62 81.81 81.29 89.14 86.37 82.99

Increment — -2.81 -3.33 4.52 1.75 -1.63

AP0.6 70.09 75.16 67.31 83.48 75.93 69.39

Increment — 5.07 -2.78 13.39 5.84 -0.7

AP0.7 42.11 47.55 38.73 60.56 48.87 46.69

Increment — 5.44 -3.38 18.45 6.76 4.58
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the constraints of the GPU memory, the batch size was set to
8. And the training step was set to 10000 to analyze the
training process by the loss curve. To prevent training the
neural network from scratch, the internal adjustable param-
eters was initialized by using a pretrained weight, which can
be obtained from the website (https://pjreddie.com/yolo/).
The initial learning rate was set to 0.003 through trial and
error with the help of the validation set. The λcoord and
λnoobj are set to 5 and 0.5, respectively. To analyze the impact
of different data augmentation methods, six neural networks
were trained using six training sets. The parameter settings
during training process are the same except using the differ-
ent training sets.

4. Result and Discussion

After training, the images in the testing set were used to test
the performance of the six detectors, and the IOU threshold
is set to 0.5, 0.6, and 0.7. The AP values of six detectors
under different IOU thresholds were calculated, as shown
in Table 2. The highest AP value is 89.14%, which indicates
that the trained detector has a strong generalization and
excellent detection performance, and the AP value decreases

with the increase of the IOU threshold. The AP of the detector
trained using DAOR is used as a benchmark, and the AP incre-
ment of other detectors is used to estimate the usefulness of dif-
ferent methods. The PT and FL both improve the AP value on
the testing set, and the highest increment of AP is induced by
PT, achieving 4.52%, 13.39%, and 18.45% corresponding to
three different IOU thresholds. In theory, five data augmenta-
tion methods all can improve the richness of the training set,
and the performance of the detectors trained by augmented
training sets should be better than the detector trained by the
original training set. However, the BT, GB, and SC reduce the
performance, as shown in Table 2. The reason can be that
although the change of lighting intensity, distance, and resolu-
tion was considered during image collection, the number of the
collected raw images in the testing set is too small to represent
the entire image sample. Hence, the promotion of the ability of
the detector to detect vague images, brightness changes, and
resolution changes cannot be reflected on the existing testing
set, whereas the improvement of the ability to detect objects
captured from different viewpoints is the most obvious,
because all images were captured from different viewpoints.

The detection results of some images in the testing set
are shown in Figure 7. The fractured bolts in the image were
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Figure 7: Sample images of detected bolt delayed fracture.
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Figure 8: Sample images of detected bolt delayed fracture considering the color and weather.
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automatically detected (indicated with a solid red box) by
the detector after the test images were inputted into the best
detector. The detection process spends only 0.06 seconds for
each input image (416 × 416 resolution). It should be noted
that the detection speed is affected by hardware limitations.
In [41], the detection speed for a 416 × 416 resolution image
is 0.029 seconds. Hence, this method can accomplish real-
time autonomous damage detection when a camera is used
in conjunction with a processor. The proposed method can
facilitate the transition from manual inspection to auto-
mated inspection or monitoring carried out by fixed cam-
eras, UAVs, or remote-controlled robots in the future.

The generalization ability of the trained detector was further
demonstrated using the new images of bolts with different
colors (black, red, gray, and blue) and covered with raindrops
and the images of fractured bolts from an actual bridge (two
3024 × 4032-pixel images taken from a real long-span steel
bridge in China). The detection results are shown in Figures 8
and 9, and the trained detector can correctly detect the damage
from the new images. The results show that the trained detector
does not overfit the two sample steel plates. It also demonstrates
the practicality of the proposed method.

On the other hand, although the detector can detect the
damage correctly, the predicted bounding boxes do not per-
fectly fit the fractured bolts. The minor errors may be induced
by the limitation of the training set, such as the lack of images
taken from actual bridges. In addition, a comprehensive anal-
ysis of the effectiveness of different augmentation techniques
for this detection task needs a comprehensive image dataset.
The images in the dataset should be collected from actual engi-
neering. Thus, more actual images need to be collected and a
larger image dataset will be established in the future to further
analyze the effectiveness of different augmentation methods
and how to use them in combination.

5. Conclusion

This paper presents a new, automated method to inspect
fracture failures for bolts. The method is developed based
upon the CNN-based object detection algorithm YOLOv3,

and the performance of the detector is improved by data
augmentation. An image dataset was developed through
image acquisition, image labeling, and data augmentation,
and six YOLOv3 neural networks were trained using differ-
ent augmented training sets to analyze the impact of differ-
ent augmentation methods. The highest AP of the trained
detectors is 89.14% when the IOU threshold equals to 0.5.
The effectiveness of different data augmentation methods is
evaluated by the increment of AP. The highest increment of
AP on the testing set is achieved by perspective transformation
augmentation. The detection speed of the trained detector
achieved 0.06 seconds for each input image with 416 × 416
resolution. The generalization of the trained network and the
practicality of the proposed method were validated using
new images that were never used in the training and testing.
The proposed method has the potential to enable safe, real-
time, and autonomous detection of delayed fracture of high-
strength bolts with high accuracy.
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