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Detection and quantification of bolt loosening
using RGB-D camera and Mask R-CNN
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Abstract. Bolt loosening is one of the most common types of damage for bolt-connected plates. Existing vision techniques
detect bolt loosening based on the measurement of bolt rotation or the exposure of bolt threads. However, these techniques
examine bolt tightness only in a qualitative manner, or require a reference measurement at the initially tightened state of the bolt
for quantitative estimation. In this study, the exposed shank length of a bolt is quantitatively measured using an RGB-depth
camera and a mask-region-based convolutional neural network but without requiring any measurement from the initial state of
the bolt. The performance of the proposed technique is validated by conducting lab-scale experiments, in which the angle and
distance of the camera are varied with respect to a target inspection area. The proposed technique successfully detects bolt
loosening at exposed shank length over 3 mm with a resolution of 1 mm and 97% accuracy at different camera angles (40°-90°)

and distances (up to 65 cm).
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1. Introduction

Bolting is one of the most common approaches for
connecting steel plate components for aerospace,
mechanical, and civil applications. Bolting connects two or
more components by applying axial force on them using
fasteners and the mating of screw threads. The Korea
Express Corporation has reported that 33.3% of the steel
bridges under their stewardship have bolt-related defects,
such as bolt loosening, bolt failure, and missing bolts, and
bolt loosening accounts for 58.1% of these defects (Korea
Expressway Corporation 2013). Bolt loosening is caused by
abrupt mechanical shocks, continuous vibrations, and/or
thermal loading. Bolt loosening can result in the loss in
preload and eventually cause system failure. Therefore, it is
important to inspect the tightness of bolt connections to
ensure the safety and integrity of bolted components.

Conventionally, trained inspectors periodically inspect
bolt connections using a torque wrench. The inspectors
check the tightness of bolts by comparing measured torque
values with the specifications in a structural design. This
manual inspection is quite accurate; however, it is time
consuming and labor intensive. Furthermore, it is difficult
to apply manual inspection to continuous monitoring and in
difficult-to-reach areas (Wang et al. 2013a).

To overcome these limitations, several sensing
technologies are introduced for online monitoring. For
example, acoustic sensors, piezoelectric sensors, and
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electromechanical impedance sensors have been developed
for monitoring bolt loosening (Wang et al. 2013b, Suda et
al. 1992, Huynh et al. 2018, Huynh and Kim 2017, 2018).
However, these techniques require the installation of
numerous discrete sensors with all bolts that must be
inspected. It is considerably difficult to supply power to
these sensors and transmit data from these sensors. More
importantly, the long-term reliability of these sensors has
not yet been proven (Wang et al. 2013b). Furthermore,
measured data change depending on temperature and
humidity because these techniques are sensitive to
environmental conditions (Wang et al. 2013b).

Vision techniques have been developed for bolt
inspection with the goal of integrating these techniques with
drones and robots. For example, Park et al. (2015)
employed image processing algorithms, such as the Hough
transform and Canny edge detector, to quantify the rotation
angle of a loosened bolt. Zhao et al. (2019) estimated the
rotation angle of a bolt by applying a machine learning
algorithm referred to as the single-shot multibox detector
(SSD). Huynh et al. (2019) proposed a bolt rotation
detection technique using a regional convolution neural
network (R-CNN) and the Hough line transform. Lab-scale
tests were conducted to validate the performance of these
techniques, and the results demonstrated that rotations as
low as 5° could be detected. However, these vision
techniques identify bolt loosening by comparing the current
rotational angle of a bolt with respect to its initially
measured angle or by detecting abnormal deviation of the
current bolt angle with respect to all the other bolts that are
all initially aligned in the same orientation. Furthermore,
they can underestimate bolt loosening when bolt rotation is
over 360°.
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Fig. 1 Overall scheme of the proposed bolt-loosening detection and quantification technique

The threads of loosened bolts are captured by vision
sensors and utilized to detect bolt loosening. For example,
Cha et al. (2016) used a bolt image to determine the ratio of
the exposed thread length to the bolt head radius and
detected bolt loosening using a support vector machine.
Ramana et al. (2019) advanced Cha’s technique by
integrating the Viola—Jones algorithm with a support vector
machine to automate the bolt-loosening detection process.
Zhang et al. (2019) adopted a faster regional convolutional
neural network (Faster R-CNN) to localize and classify bolt
loosening. These techniques can identify bolt loosening
only when it is over 5 mm. Furthermore, the angle of a
camera should be low to capture the images of bolt threads.

In this study, a new bolt-loosening detection and
quantification technique is developed using a low-cost
RGB-depth camera (RGB-D camera) and a mask regional
convolutional neural network (Mask R-CNN). First, bolt
heads and base plates are recognized using Mask R-CNN
from the components of the RGB image obtained using the
RGB-D camera. Then, the normal distances of the identified
bolt heads and plates from the RGB-D camera are estimated
using the depth components of the RGB-D images. Finally,
the presence of loosened bolts is identified, and the level of
bolt loosening is quantified by estimating the exposed shank
length of each bolt. The major advantages of the proposed
technique compared to the existing vision-based techniques
are as follows: (1) Bolt loosening is detected, and the
exposed shank length of the bolt is quantified. (2) Because
the operational angle of the RGB-D camera used in this
study is between 40°-90°, the proposed technique has a
wider operational angle than the other existing techniques.
Furthermore, the camera does not have to be placed closed
to the inspection surface, making the proposed technique
more suitable for integration with drones and robots.

The rest of the paper is organized as follows: The
proposed bolt-loosening detection and quantification
technique is presented in Section 2. The training of Mask R-
CNN in the proposed technique is described in Section 3.
The performance of the proposed technique is validated in
Section 4 through lab-scale experiments. The concluding
remarks and discussion are presented in Section 5.

2. Bolt-loosening detection and quantification
technique

The proposed technique is composed of four steps, as
presented in Fig. 1.
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Fig. 2 Definition of exposed shank length

First, RGB and depth images are captured by an RGB-D
camera and aligned with each other. Second, bolt heads and
plate objects are extracted from the RGB images using
Mask R-CNN. Third, the extracted bolt heads and plate
objects are converted to point cloud data, and the depths
(the normal distances from the RBG-D camera) of the bolt
heads and plates are calculated. Fourth, loosened bolts are
identified based on the exposed shank length, which is
calculated by subtracting the bolt head thickness from the
bolt head height, as depicted in Fig. 2.

2.1 Acquisition of RGB and depth images

The Intel RealSense D435i camera is used to
simultaneously capture RGB and depth images. The camera
consists of an RGB camera for capturing RGB images and a
depth camera for acquiring depth images. This camera
captures RGB and depth images using a global shutter, a
maximum range of approximately 10 m, and a wide field of
view. The specifications of the camera are presented in
Table 1 (Grunnet-Jepsen et al. 2018). The depth accuracy of
the camera improves as the distance between the camera
and target object decreases. For example, the depth
accuracy of the camera is approximately 2 mm at a distance
of 30 cm and 4 mm at a distance of 1 m (Benkhoui et al.
2019).

Decimation and temporal filters are applied to the raw
depth image to reduce noise and improve the precision of
the measured depth. The decimation filter runs on a 2 x 2
kernel with a nonzero median, which samples the median
value in the kernel while neglecting the zero values. The
decimation filter reduces the size of the depth image to half
of the original size (from 1280 x 720 to 640 x 360). In
addition, holes (zero values) are filtered out because the
filter uses pixels with only nonzero values. The temporal
filter improves the precision of the depth image by
averaging the pixel values over several frames with an
exponential moving average, as shown below (Dubois and
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Table 1 Specifications of Intel RealSense D435i (Grunnet-Jepsen ef al. 2018, Benkhoui ef al. 2019)

Shutter type Global shutter Depth resolution 1280 x 720 pixels
RGB field of view o o .
(horizontal  vertical) 69.4° x 425 Depth technology Active infrared stereo
Depth field of view o o 2 mm at 30 cm
(horizontal x vertical) 877 % 38 Depth accuracy 4 mm at 100 cm
Usage environment Indoor/outdoor Maximum range 10 m
Sabri 1984). where subscripts/superscripts d and ¢ denote the depth and
Y. RGB cameras, respectively. X, Y, and Z are the coordinates
s, =lav, + (1 1_ @)S of the point cloud data in the corresponding camera (RGB
£ ¢ Y t-1 camera or depth camera) coordinate system. u and v are the
f=1 t (1) horizontal and vertical pixel coordinates in the
_ corresponding image (RGB image or depth image)

t>1 and A= |5, —S;41]1 <6
t>1 and A= |5, —S;4]|>6

where Y; and S; are the raw and filtered pixel values of
the depth image at time ¢, respectively, o is the weight of
each frame, and 0 is a threshold for determining whether the
difference between the pixel values of two consecutive
frames is due to noise or not. In this study, o and ¢ are set as
0.5 and 20, respectively.

As the RGB and depth images are obtained from
separate modules, these images should be aligned
considering their relative positions (Hartley and Zisserman
2003).

Xd fxd 0 Calci ud
vé|=Z%00 f& 2| |v? (2)
VA 0 0 1 1
X¢ x4
YC . Rg T‘g Yd
z| =l |7 G)
1 1
depth(u€,v°)
c . XC [ c
= Depth (foC + c,?,fyzc +cS|=2z¢ )

Step 2

network (RPN)

Regional proposal

E_ _I_:_I__ﬁ‘ffflii___
O =

12

RGB Feature

Input Image Backbone network map
FPN with ResNet-50;

Feature map
with Rols

Rol Align

S

coordinate system. f, and f, are the focal lengths and c,
and ¢, are the optical centers in the horizontal and vertical
directions, respectively. RS and T§ are the rotation and
translation matrices from the depth camera to the RGB
camera, respectively.

2.2 Bolt head and plate segmentation using
Mask R-CNN

After the alignment of the RGB and depth images, Mask
R-CNN is applied to the RGB image for bolt head
extraction (He et al. 2017). Among various deep learning
techniques, such as Faster R-CNN, YOLO, and SSD, Mask
R-CNN is employed because it detects objects at the pixel
level with shape information (He et al. 2017, Ren et al.
2015, Redmon and Farhadi 2018, Liu ef a/l. 2016). Mask R-
CNN consists of four steps, as shown in Fig. 3. The detailed
architectures of Mask R-CNN are presented in Appendix A.
First, a backbone network extracts feature maps from input
images. Second, a region proposal network (RPN) is
applied to the feature maps to generate regions of interest
(Rols). Third, RolAlign is used to adjust the sizes of the
feature maps corresponding to the Rols such that all sizes
are the same. Finally, the object detection network in Mask
R-CNN identifies bolt heads by placing rectangular boxes,
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Step 4
Segmentation
network

Rols with
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Fig. 3 Overall process of Mask R-CNN
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Fig. 4 Architecture of the backbone network (FPN with ResNet-50)

which are referred to as bounding boxes, around the bolt
heads. A segmentation network quantifies the shapes and
sizes of the identified bolt heads at the pixel level.

The objective of the backbone network is to extract
feature maps with rich semantic values and a high pixel
resolution for bolt head detection. In this study, the feature
pyramid network (FPN) architecture with residual network-
50 (ResNet-50) is adopted as the backbone network (Lin et
al. 2017, He et al. 2016).

The backbone network operation consists of three steps,
as shown in Fig. 4: (1) bottom-up mapping, (2) top-down
mapping, and (3) prediction. Bottom-up mapping is
implemented using ResNet-50. As the feature maps move to
the upper layers of ResNet-50, the semantic values of the
feature maps increase at the cost of decreased pixel
resolution. The objective of top-down mapping is to
improve pixel resolution while maintaining the previously
achieved semantic values by merging two adjacent feature
maps (C; and M;,,) into a new feature map (M;) through 1
x 1 convolution and upsampling. Here, the reconstructed
feature maps (M;) can be distorted owing to the aliasing
effect of upsampling. 3 x 3 convolution is applied to the
feature map (M;) to reduce the aliasing effect, and the final
feature map (P;) is generated in the prediction step.

Next, the RPN considers the final feature map (P;) as the
input and outputs the Rols that indicate the locations and
sizes of potentially meaningful objects within the feature
map. The Rols are obtained using anchors, which are a set
of boxes with predefined heights and widths. Each of these
anchors is scanned over the feature map to obtain its
objectness score and location adjustment value. Objectness
is defined as the possibility of capturing a meaningful
object within an anchor, and the location adjustment value
indicates how much the location and size of the anchor
should be adjusted to match the object. The locations and
sizes of the anchors with high objectness scores are adjusted
according to the location adjustment values, and the
selected anchors are defined as Rols.

Then, RolAlign considers the feature map segments
corresponding to the Rols as the inputs and resizes all of
them to the same size because the subsequent object
detection and segmentation networks require inputs with a
fixed size.

The object detection network classifies any object
within the Rols into either bolt heads or backgrounds (no
objects) and slightly adjusts the locations of the identified

bolts. The segmentation network performs the pixel-level
classification of the identified bolts to quantify their shapes
and areas.

The base plate is identified after bolts are identified, as
shown in Fig. 5. First, the four vertices (top-left, top-right,
bottom-right, and bottom-left corners) of the plate boundary
are extracted. For example, the top-left corner of the
bounding box of the top-left bolt constitutes the top-left
corner of the plate boundary. The other corners of the plate
boundary are defined in a similar manner. The plate area is
extracted by subtracting the bolt areas from the area
enclosed by the four vertices.

2.3 Depth calculation for bolt head and plate
The 3D coordinates of the extracted bolt heads and plate

are obtained from the depth information, as follows
(Hartley and Zisserman 2003)

XSy £E0 cE1 TuSy,;
Yocbj = depth(ugb], vgbj) [ 0 fyC C;l [ Ug (5)
gb]. 0 0 1 1

where Xg,;, Yy, and Zg,; represent the 3D coordinates
of an object (bolt head or plate) in the RGB camera
coordinate system, and ug,;and vg,; are the horizontal
and vertical pixel values of the object in the RGB image
coordinate system. fy, f7 are the focal lengths of the RGB
camera module, and cg, cy are the optical centers of the
RGB camera module in the horizontal and vertical
directions, respectively.

Next, the plane surfaces that represent each bolt head
and plate are extracted using the well-established random
sample and consensus (RANSAC) model fitting algorithm
(Fischler and Bolles 1981). The RANSAC algorithm
consists of two iterative steps. In the first hypothesis
generation step, a hypothesis plane that connects three data
points is generated. The points are randomly selected from
the target object. In the second verification step, each of the
remaining points is tested to determine if it is an inlier with
respect to the hypothesis plane or not. Through the
iterations of these two steps, the plane that consists of the
largest number of inliers is selected as the fitted plane. The
planes obtained using the RANSAC algorithm are shown in
Fig. 6.
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Fig. 6 Fitted planes of the plate and bolt heads

The depths of the bolt heads and plate are defined as the
normal distance from the camera center to their fitted
planes.

2.4 Exposed shank length quantification and
bolt-loosening detection

As shown in Fig. 2, the bolt head height is defined as the
normal distance from the plate to the top of the bolt head.
The bolt head height is determined by subtracting the bolt
head depth from the plate depth. Then, the exposed shank
length, which represents the level of bolt loosening, is
estimated by subtracting the bolt head thickness from the
bolt head height. As the bolt size is standardized according
to the American National Standards Institute, the relation
between the bolt head thickness and the outer diameter of
the bolt head can be estimated using polynomial regression.
Therefore, the bolt head thickness can be determined by
measuring the outer diameter of the bolt head.

Bolt loosening is identified by comparing the estimated
exposed shank length with the threshold defined in Eq. (6).
The bolt is determined as loosened if the exposed shank
length is larger than the predefined threshold value.
Assuming that the exposed shank length of a tight bolt
follows a normal distribution, the upper limit corresponding
to a 97% two-sided confidence level is set as the threshold
value.

exposed shank length > threshold = 2.17¢ (6)

where o is the standard deviation of the exposed shank
lengths estimated from tight bolts.

3. Training of Mask R-CNN
3.1 Loss functions

The total training loss (L;y¢q;) of Mask-RCNN is the

sum of the training losses of the RPN (Lgpy), object
detection network (Log;), and segmentation network (Lggg)
(He et al. 2017).

Lrorar = Lrpn + Loy + Lsge @)

where Lgpy and Lop; consist of classification loss (L)
and regression loss (L..q) and Lgg; consists of mask loss

(Lymask)- Each loss function is computed as follows (He et
al. 2017)

1 1
Lgpy = Nz Las(pipi) + 44 Nz Pilreg(tit])  (8)
i i
1 * 1 * *
Log; = NZ Las(pipi) + 22 NZ PiLreg (t, t)) 9)
i i

1
Lsge =11 Nz Linask (s, s{) (10)
i

where hyperparameters 4, , A,, and y; balance the
training losses of the three parts. N represents the number of
bounding boxes. The bounding boxes represent the anchors
in Lgpy and the Rols in Lpp; and Lggg. p; and p;
represent the predicted and ground truth classification
probabilities of the i bounding box, respectively. t;
represents the predicted average difference between the i
bounding box and ground truth box in terms of (1) the
horizontal and vertical coordinates of the bounding box
center and (2) the width and height of the bounding box.
Similarly, t; represents the ground truth value of the
average difference between the i bounding box and ground
truth box. s; and s; represent the predicted and ground
truth binary matrices, respectively. Ly, Lreg, and Lpggr
are derived from the following equations (He et al. 2017)

Leis(pi i) = —pi logp; (11)

Lyeg(t;, t7) = smooth, (¢ — ¢;)

smootna ) = {170 Dmse

Linask(si i) = —(si log(s) + (1 —s{) log(1 —s)) (13)
3.2 Dataset

The dataset used in this study consists of 100 RGB
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Fig. 7 Representative images of bolt head dataset
(bolt heads indicated by polygon shapes)

images including 782 bolt head images. The images were
captured from actual steel bridges or test specimens. 80% of
the dataset is used for training, and the remaining 20% is
used for validation. The representative images of the dataset
are shown in Fig. 7.

3.3 Training

Transfer learning and data augmentation are
implemented to improve the efficiency of network training
with a limited training dataset (Torrey and Shavlik 2010,
Van Dyk and Meng 2001). Transfer learning first borrows
the pretrained weights of the backbone network (FPN +
ResNet-50) and then fine tunes the weights using the bolt
head dataset. The weights of the backbone network
pretrained with the COCO dataset are initially assigned to
the backbone network of the Mask R-CNN model. The
weights trained with the COCO dataset can effectively
extract features from various objects because the dataset
consists of 318,000 images including 91 categories (Lin et
al. 2014). Then, the remaining networks (RPN, object
detection network, and segmentation network) are trained
with the bolt head dataset to specifically detect the bolt
heads and generate the corresponding polygon masks. Once
the remaining networks are trained, the backbone network
is also trained with the bolt head dataset. To prevent
overfitting, the number of images during training is
increased by data augmentation, including random rotation
and flips at each iteration (Van Dyk and Meng 2001).

All algorithms are implemented in Python, and the
training is carried out on a workstation with NVIDIA GTX
1080 Ti graphic cards and 16 GB RAM. The network is
trained for 35 epochs at 100 iterations per epoch. The
learning rate, weight decay, and momentum are selected as
0.001, 0.0001, and 0.9, respectively, based on the work by
He et al. (2017).

Fig. 8 shows the training of the proposed Mask R-CNN
model. The decrease in the training loss slows down after
approximately 1,000 iterations. After 3,000 iterations, the
improvement in the training loss becomes negligible and the
validation loss converges to approximately 0.7. Finally, the
mean intersection over union rate for validation dataset is
82% indicating that the predicted class, bounding box, and
mask are well matched to actual labels.
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Fig. 8 Training progress of Mask R-CNN

4. Experimental validation

Lab-scale experiments were performed under four
different conditions to validate the performance of the
proposed technique. In Case 1, different camera angles and
distances were considered to examine the operating range of
the proposed technique in terms of camera angles and
distances and to establish a threshold exposed shank length
for bolt-loosening identification. In Case 2, bolts with
various exposed shank lengths were tested to validate the
accuracy of bolt-loosening detection. In Case 3, different
lighting conditions were considered to examine the stability
of the performance of the proposed technique. In Case 4,
the proposed technique was investigated during eight
different time points to detect gradual bolt loosening with
exposed shank length estimation.

4.1 Experimental setup

The overall experimental setup is shown in Fig. 9. The
dimensions of the specimen plate were 60 cm (width) x 45
cm (height), and twelve M30 bolts were placed on the plate.
The outer diameter and head thickness of an M30 bolt were
53.1 mm and 19 mm, respectively. The horizontal and
vertical spacing between the bolts were 12 cm and 11 cm,
respectively. The camera angle represents the angle between
CpC, and CpHp, and the camera distance represents the
length of CpC,. Intel RealSense D435i was used for
capturing RGB and depth images. The camera was placed
on a stand, and images were captured by varying the camera
angle and distance. The ground truth exposed shank length
was measured using Vernier calipers.

RGB-D
camera

3

Distance

Fig. 9 Experimental setup (unit: cm)
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(a) Angle: 40°/Distance: 50 cm

(b) Angle: 80°/Distance: 65 cm

Fig. 10 Representative images obtained by RGB-D camera at different angles and distances

Table 2 RMSE of estimated exposed shank length at
different camera angles

Table 3 RMSE of estimated exposed shank length at
different camera distances

Angle (°) Distance (cm) RMSE (mm) Distance (cm) Angle (°) RMSE (mm)
40 35-80 091 35 40-90 0.49
50 35-80 0.90 40 40-90 0.52
60 35-80 0.93 45 40-90 0.46
70 35-80 0.74 50 40-90 0.49
80 35-80 0.97 55 40-90 0.53
90 35-80 0.95 60 40-90 0.88

65 40-90 0.99
70 40-90 1.24
75 40-90 1.48
80 40-90 2.36

4.2 Experimental results

4.2.1 Case 1: Different camera angles and

distances

In Case 1, the images of twelve tight M30 bolts
(exposed shank length was 0 mm) were obtained by varying
the camera angle from 40° to 90° at intervals of 10° and the
camera distance from 35 cm to 80 cm at intervals of 5 cm.
Next, exposed shank lengths were estimated based on the
proposed technique, and the root mean square errors
(RMSEs) between the estimated exposed shank length and
true exposed shank length were calculated.

Figs. 10(a) and (b) show the representative images
obtained under two different conditions (angle of 40° and
distance of 50 cm, and angle of 80° and distance of 65 cm).
The area of the tight bolts is colored in blue, and the
estimated exposed shank lengths are provided in mm.

Table 2 shows that the RMSEs for different camera
angles are similar. In contrast, Table 3 shows that the RMSE
increases with the camera distance. The RMSE is
approximately 0.5 mm up to a camera distance of 55 cm
and reaches 2.36 mm at a camera distance of 80 cm. Based
on these results, we conclude that the proposed technique
can be applied under camera angles ranging from 40° to 90°
and camera distances of up to 65 cm to achieve a exposed
shank length estimation accuracy of 1 mm.

Considering all camera angles and distances, the mean
and standard deviation of the estimated exposed shank
length of the tight bolts are -0.05 mm and 0.62 mm.
Therefore, the threshold exposed shank length for loosened
bolt detection is set to 1.34 mm, which is the upper limit of
a 97% two-sided confidence level.

4.2.2 Case 2: Different exposed shank lengths

In Case 2, the images of the M30 bolts with exposed
shank lengths of 0 mm, 3 mm, and 6 mm were obtained
under various camera angles (40°-90°) and distances (35
cm—65 cm). The RMSE between the estimated and true
exposed shank lengths was computed, and the bolts whose
exposed shank lengths were larger than 1.34 mm were
identified as loosened.

Fig. 11(a) shows an RGB image with ground truth
exposed shank lengths. Fig. 11(b) shows the loosened bolts
and their exposed shank lengths estimated by the proposed
technique. The loosened and tight bolts are marked in red
and blue, respectively. These figures show that all loosened
bolts with exposed shank lengths of 3 mm or more are
successfully detected using the proposed technique.

The results for Case 2 are summarized in the first three
rows of Table 4. The RMSEs of the estimated exposed
shank lengths are 0.62 mm, 0.66 mm, and 0.53 mm for the
bolts with exposed shank lengths of 0 mm, 3 mm, and 6
mm, respectively. The accuracies of bolt-loosening
detection are 99.19%, 97.99%, and 100% for the bolts with
exposed shank lengths of 0 mm, 3 mm, and 6 mm,
respectively.

4.2.3 Case 3: Different lighting conditions

The experiments for Cases 1 and 2 were conducted
under bright lighting conditions (140 Ix). In Case 3,
additional experiments were conducted under darker
lighting conditions (60 Ix and 20 Ix) to examine the
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(a) Ground truth

(b) Result of the proposed technique

Fig. 11 Identification of loosened bolts under bright lighting condition (140 1x)

(a) Ground truth

(b) Result of the proposed technique

Fig. 12 Identification of loosened bolts under dark lighting condition (20 Ix)

applicability of the proposed technique under different
lighting conditions. Except for the lighting conditions, all
other experimental parameters were identical to the
previous cases.

Fig. 12(a) shows the RGB images captured under a dark
lighting condition (20 Ix), and Fig. 12(b) shows the
loosened bolts and their exposed shank lengths estimated by
the proposed technique. Similar to Case 2, the bolts with
exposed shank lengths more than 1.34 mm are identified as
loosened.

The results for Case 3 are summarized in the last six
rows of Table 4. The RMSEs for Cases 2 and 3 are similar.
Under an illumination of 60 1x, the RMSEs of the estimated

exposed shank lengths are 0.69 mm, 0.53 mm, and 0.68 mm
for the bolts with exposed shank lengths of 0 mm, 3 mm,
and 6 mm, respectively. Additionally, the accuracies of bolt-
loosening detection are 97.99%, 98.39%, and 100% for the
bolts with exposed shank lengths of 0 mm, 3 mm, and 6
mm, respectively. Under an illumination of 20 Ix, the
RMSEs of the estimated exposed shank lengths are 0.59
mm, 0.60 mm, and 0.67 mm for the bolts with exposed
shank lengths of 0 mm, 3 mm, and 6 mm, respectively.
Moreover, the accuracies of bolt-loosening detection are
98.59%, 98.79%, and 100% for the bolts with exposed
shank lengths of 0 mm, 3 mm, and 6 mm, respectively.

Table 4 Bolt-loosening detection results under different lighting conditions

Estimated exposed

Loosened bolt detection

shank length
Illumination shfr):ll:(;:fl(; ‘h No. of bolts £ oo oo
Ix EA 0.0 0.0
() (mm) (EA) 1(\:11:’;')1 I:III:IHS;E tight bolts loosened bolts Ac:;r)a Y
(EA) (EA) .
0 498 -0.05 0.62 494 4 99.19
Bright
(140) 3 498 2.88 0.66 10 488 97.99
6 498 6.10 0.53 0 498 100
0 498 0.15 0.69 488 10 97.99
I\’&d&le 3 498 3.05 0.53 8 490 98.39
6 498 5.85 0.68 0 498 100
0 498 0.08 0.59 491 7 98.59
Dark
(20) 3 498 2.94 0.60 6 492 98.79
6 498 591 0.67 0 498 100
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—4—Bolt 1 —@—Bolt2 Bolt 3

Exposed shank length (mm)
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Threshold

Time point

Fig. 13 Exposed shank length measurements under 90° camera angle, 65 cm camera distance and 140 Ix brightness

-0.170 [ BEL}
Bolt 2

-0.282 0.542

-0.022 -0.270

(a) I* inspection time point

-0.589 -0.569 0.458

-0.150 4.542

-0.625 -0.824 6.719

(b) 5™ inspection time point

Fig. 14 Identification of loosened bolts for case 4 shown in Fig. 13

4.2.4 Case 4: Gradual bolt loosening

In Case 4, the RGB-D images of the twelve bolts on the
connected plate were captured eight times to detect gradual
loosening of the bolts over a certain time period. These
images were obtained with under 90° camera angle, 65 cm
camera distance and 140 Ix brightness. Among the twelve
bolts, one bolt (bolt 12) was initially loosened with 3 mm
exposed shank length, while the other bolts (bolt 1-11) were
initially tightened. Then, between 4™ and 5" inspection time
points, the exposed shank lengths of bolts 7 and 12 were
increased from 0 mm to 4 mm and from 3 mm to 7 mm,
respectively.

Fig. 13 shows that the exposed shank length of bolt 12
initially ranged between 2.90 mm and 3.48 mm up to the
4th inspection time point and increased to 6.72 mm after the
Sth inspection time point, exceeding the threshold of 1.34
mm. The exposed shank length of bolt 7 was initially below
the threshold and increased to 4.54 mm after the S5th
inspection time point. The exposed shank length of all the
other bolts remained below the threshold for the entire
period. Fig. 14 display the detected loosened bolts, bolt 12
at the 1% inspection time point, and bolts 7 and 12 at the 5™
inspection time point.

5. Conclusions

This paper proposed a bolt-loosening detection and
quantification technique using a low-cost RGB-D camera
and Mask R-CNN. First, the bolt heads in a plate were
identified by applying Mask R-CNN to the RGB images
captured by the RGB-D camera. Second, the exposed shank
length was estimated using the depth images obtained from

the RGB-D camera. A bolt was identified as loosened if the
exposed shank length exceeded a user-specified threshold
value.

The experiments performed on the test specimens
indicated the following: (1) The RMSEs of the estimated
exposed shank lengths were within 1 mm when the camera
angle was varied from 40° to 90° and the camera distance
was increased up to 65 cm. (2) When the exposed shank
length was more than 3 mm, the bolt was detected as
loosened with 97% accuracy regardless of lighting
conditions.

It should be noted that the loss in preload cannot be
estimated simply based on the exposed shank length. The
rotation angle of the bolt should be considered along with
the exposed shank length to quantify the preload loss of bolt
connections. This should be investigated in the future with a
field test.
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Appendix A

Table 5 Parameters of anchors for RPN in Fig. 3

Table 6 Architecture of RPN in Fig. 3

Parameter Value Type Filter size Stride Padding Depth
Anchor size 16, 32, 64, 128 Shared RPN layer
Anchor stride 4,8,16,32 Convolution + ReLU 3x3 1 1 512
Anchor ratio 0.5:1, 1:1, 2:1 Classification RPN layer

Table 7 Architecture of object detection network in Fig. 3

Convolution + Softmax 1x1 1 0 6

Bounding box adjustment RPN layer

Convolution + Linear 1x1 1 0 12

Table 8 Architecture of segmentation network in Fig. 3

Type Filter size Stride Padding Depth

Shared layer
Convolution + ReLU 7x7 1 3 1024
Fully connected+ ReLU - - - 1024

Classification layer

Fully connected + Softmax - - - 2

Bounding box adjustment layer

Fully connected + Linear - - - 4

Type Filter size Stride Padding Depth
Segmentation layers

Convolution + ReLU 3x3 1 1 256

Convolution + ReLU 3x3 1 1 256

Convolution + ReLU 3x3 1 1 256

Convolution + ReLU 3x3 1 1 256
Deconvolution + ReLU 2x2 2 0 256
Convolution + Softmax 1x1 1 1 2






