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Abstract: Bridges are an important part of railway infrastructure and need regular inspection and maintenance. Using unmanned
aerial vehicle (UAV) technology to inspect railway infrastructure is an active research issue. However, due to the large size of
UAV images, flight distance, and height changes, the object scale changes dramatically. At the same time, the elements of interest
in railway bridges, such as bolts and corrosion, are small and dense objects, and the sample data set is seriously unbalanced,
posing great challenges to the accurate detection of defects. In this paper, an adaptive cropping shallow attention network
(ACSANet) is proposed, which includes an adaptive cropping strategy for large UAV images and a shallow attention network
for small object detection in limited samples. To enhance the accuracy and generalization of the model, the shallow attention
network model integrates a coordinate attention (CA) mechanism module and an alpha intersection over union (a-IOU) loss
function, and then carries out defect detection on the bolts, steel surfaces, and railings of railway bridges. The test results show that
the ACSANet model outperforms the YOLOvSs model using adaptive cropping strategy in terms of the total mAP (an evaluation
index) and missing bolt mAP by 5% and 30%, respectively. Also, compared with the YOLOv5s model that adopts the common
cropping strategy, the total mAP and missing bolt mAP are improved by 10% and 60%, respectively. Compared with the YOLOv5s
model without any cropping strategy, the total mAP and missing bolt mAP are improved by 40% and 67%, respectively.
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1 Introduction and are missing high-strength bolts (Ramana et al.,
2017; Long et al., 2021). Therefore, the inspection of
railway bridges is a major task and the corrosion of
bolts makes the disassembly of equipment very diffi-
cult. These factors have a huge negative impact on the
stability of the bridge and on its later safety manage-
ment (Wang JK et al., 2021; Wang ZQ et al., 2021).

At present, manual inspection has many limita-
tions, such as low detection efficiency, more visual
blind areas, high risk, and inconsistent discrimination
standards. Unmanned aerial vehicle (UAV) inspection
technology has the advantages of flexibility, efficiency,
and low cost, and has been widely used in various
infrastructure inspections at home and abroad (Duque
et al., 2018; Morgenthal et al., 2019). In view of the

As the speed of trains and the density of the rail-
way network increase, safety risks likewise increase.
As catastrophic accidents are increasingly caused by
the failure of railway facilities, safety problems along
railway lines are of particular concern (Arivazhagan
et al., 2015). It is therefore increasingly important to
carry out timely checking for equipment faults and
potential safety hazards along the line (Wu et al., 2022).
As important railway infrastructure, bridges are often
corroded due to long-term erosion of the steel structure
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limitations of manual inspection such as long span
along railway lines and scattered inspection sites, UAV
and other related equipment are used to take pictures,
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as shown in Fig. 1. Then, manual visual recognition
gradually became a supplementary measure for manual
inspection. However, due to people’s different subjec-
tivity and the negative impact of repetitive work, the
efficiency and accuracy of manual reading of pictures
are often not guaranteed. Therefore, with the rise of
computer vision and image detection, researchers began
to pay attention to railway infrastructure defect detec-
tion methods based on computer vision (Shao et al.,
2020).

Fig. 1 UAYV image of steel structure of railway bridge girder

Much research has been done on industrial defect
detection based on computer imaging. Cha et al. (2018)
proposed a structural visual detection method based
on faster region-based convolutional neural network
(Faster R-CNN) to detect the damage of concrete
cracks, reinforcement corrosion, delamination, and bolt
corrosion of bridges. Kang and Cha (2018) proposed
a UAV autonomous method using ultrasonic beacons
instead of Global Position System (GPS), a deep con-
volutional neural network (DCNN) for damage detec-
tion, and a geotagging method for damage location,
with specificity and sensitivity exceeding 90%, to solve
the problem of expensive and inefficient artificial visual
monitoring and the blind areas in data collected by
UAV. Cha et al. (2017) proposed a convolutional neu-
ral network (CNN) based on sliding windows, which
combined two kinds of redundant paths of sliding win-
dows to accomplish full image coverage, and realized
defect location on crack surface without calculating
defect features. Ali et al. (2021) proposed an autono-
mous UAV system integrating an improved Faster
R-CNN for identifying various types of structural dam-
age and mapping detected damage to a GPS-denied
environment. This method uses a real-time streaming
protocol and multi-processing to significantly reduce
the number of false positives. Recently, many scholars
have used a segmentation network to locate the damage

at pixel level in order to obtain more accurate detec-
tion results. Kang and Cha (2021) proposed a novel
semantic transformer representation network (STRNet)
consisting of a squeeze and excitation attention-based
encoder, a multi-head attention-based decoder, coarse
up-sampling, a focal-Tversky loss function, and a learn-
able swish activation function, as well as a method for
evaluating the complexity of image scenes. The final
detection accuracy of that STRNet model is over 90%.
Choi and Cha (2020) proposed a CNN consisting of
standard convolution, densely connected separable con-
volution modules, a modified atrous spatial pyramid
pooling module, and a decoder module. This CNN
effectively eliminated a wide range of complex back-
grounds and crack-like features, while having a very
small number of parameters and a fast processing speed.
Kang et al. (2020) improved the Faster R-CNN algo-
rithm, used a modified tubularity flow field (TuFF)
algorithm to locate the crack region, and used a modi-
fied distance transform method (DTM) to measure the
crack thickness and length from the perspective of pixel
measurement; the average accuracy of crack damage
detection reached 95%.

In the field of railway infrastructure damage de-
tection, a two-stage network structure model such as
Faster R-CNN was introduced to carry out defect detec-
tion on railway infrastructure. It can overcome the limi-
tations of manual inspection and has very high accu-
racy. It can be used as a supplementary means for daily
inspection and can even replace manual inspection in
some cases. For example, Liu et al. (2019) improved
the Faster R-CNN so that it could locate and detect
the rotating targets in bird-prevention and fasteners on
catenary support devices. Chen P et al. (2019) also
used the improved Faster R-CNN algorithm to detect
the defects of rail fasteners. Wu et al. (2018) proposed
local Weber-like contrast (LWLC) and gray stretch
maximum entropy (GSME) threshold segmentation
methods. After railway image enhancement, the UAV
rail image was processed with gray stretching and
denoising, and the optimal segmentation threshold was
selected for defect detection. However, although the
two-stage algorithm pursues detection accuracy, it
ignores detection efficiency and is limited by the re-
quirements of computer equipment, so it cannot meet
the requirements of real-time or time-limited detection.

In real-time or time-limited defect object detec-
tion, single shot multibox detector (SSD) (Liu et al.,



2016), You Only Look Once (YOLO) (Redmon et al.,
2016), and other single-stage network models are grad-
ually becoming widely used in railway infrastructure
defect detection and can maintain an accuracy not
inferior to part of the two-stage network, but also have
extremely fast training and detection speeds, and can
be more convenient in deployment and application.
For example, Chen et al. (2018) applied DCNN to
fastener defect detection on high-speed railway lines
and, combined with the classical single-stage network
method, constructed a cascade detection network con-
sisting of two detectors and a classifier. Tao et al.
(2018) designed a cascade autoencoder (CASAE) to
locate the defect region by threshold segmentation
based on the different responses of the encoder to the
normal region and the defect region. Then, the cropped
graph block of the defect area was input to the defect
classification network, and finally the defect category
was output. Chen Q et al. (2019) proposed a cate-
nary U-bolt missing identification network based on
YOLOV3 and squeeze-and-excitation networks (SE).
Jia and Luo (2019) proposed a crack image detection
and parameter measurement method by combining
digital image processing with a CNN. However, the
detection object in railway bridge girder steel struc-
ture is usually small, and a single-stage network is not
friendly to the detection of such a small object because
of simultaneous positioning and classification. More-
over, in order to improve the detection accuracy, a
single-stage network often adopts a network model
with deeper structure, which can obtain stronger seman-
tic information, but also loses higher resolution and
reduces the detection accuracy for small objects.
Therefore, experts at home and abroad have done
much work on the problem of small object detection.
Some people have improved the accuracy of small
object detection by improving the network structure.
Tang et al. (2018) introduced a new context-assisted
network framework to deal with small objects that are
difficult to detect, which can make full use of the
semantic information around small objects. Noh et al.
(2019) designed a high resolution target feature extrac-
tion network based on generative adversarial network
(GAN) which shared parameters with a low resolu-
tion feature extraction network, reduced the number of
parameters, and replaced the convolution layer with
empty convolution to expand the receptive field. Wei
et al. (2022) proposed the Rotated Position Sensitive

J Zhejiang Univ-Sci A (Appl Phys & Eng) 2023 24(3):243-256 | 245

Rol Align (RPS-Rol-Align) module to improve the
quality of candidate regions for objects with intensive
detection in aerial images, and extracted rotation-
invariant features from them to promote subsequent
classification and regression. Yang et al. (2021) pro-
posed Query Det, which used a new query mechanism,
cascade sparse query (CSQ), to accelerate a dense
object detector based on a feature pyramid.

However, the result of improving the network
structure is often an increase in the complexity of the
network model which reduces its detection efficiency,
and is contrary to the high efficiency required by real-
time or time-limited railway defect detection. There-
fore, some scholars consider improving the detection
effect of small objects by processing images. van Etten
(2018) cropped the image for detection of small objects
in super-resolution satellite images. Kisantal et al.
(2019) oversampled the images containing small ob-
jects, and augmented each image containing small
objects by copying and pasting small objects many
times. Chen et al. (2020) adjusted small object images
to smaller sizes, and then spliced them into the same
size as conventional images. Loss information was
used as feedback to guide the next iteration update.
Liu et al. (2021) spliced the images containing more
small objects into one image through the feedback of
the loss contribution rate of small objects, so as to pro-
duce more training data of small objects and thus
improve the overall detection accuracy. However, in
the data set of a steel structure UAV image of a rail-
way bridge girder, the number of various objects to be
detected is extremely unbalanced, and the method of
splicing and copying will lead to over-fitting and poor
detection effects. Additionally, in the process of UAV
shooting, the scale of the same target to be detected in
a batch of pictures will also change greatly because of
the change of distance, height, focal length, etc., so a
common cropping strategy is not suitable.

In view of the difficulty of UAV image process-
ing of the steel structure of a railway bridge girder,
the adaptive cropping shallow attention network
(ACSANet) is proposed.

The main contributions of this paper are as
follows:

1. An adaptive image cropping method is pro-
posed, which can adaptively adjust the image cropping
size and cropping overlapping area according to the
specific situation of the image, which can eliminate
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the negative influences arising from the UAV shooting
distance and the unfixed focal length, and so improve
the detection effect of small targets.

2. Based on the characteristics of the objects to
be detected, a shallow attention network is proposed
to make the model pay more attention to the detection
objects, so that the corrosion area can be detected
more easily.

3. The coordinate attention (CA) mechanism mod-
ule (Hou et al., 2021) is integrated into the shallow
attention network to help the network find the defect
areas in a wide range of UAV shooting scenes.

4. The alpha intersection over union (a-IOU) loss
function (He et al., 2021) is integrated into the shal-
low attention network to improve the model detection
accuracy on the small sample data set of a railway
bridge girder steel structure.

The proposed ASCANet, adaptive cropping strat-
egy, and shallow attention network, including atten-
tion mechanism and loss function, are described in
Section 2 respectively. Experimental results are shown
in Section 3. The conclusions are described in the last
section.

2 Methodology
2.1 ACSANet

Due to its advantages in flexibility and speed, the
YOLOVSs network model is relatively consistent with
the wish for fast and accurate railway bridge girder
inspection. The YOLOvV5s model is very small, and
its weight file is only 1/3 of the YOLOvV5m size and
1/12 of the YOLOV5x size. Also, the training time is
the shortest among the various models. In addition,
considering the model’s deployment on a UAV, light-
ness is very important. The improved model based on
YOLOVS5s can maximize the advantages of light weight
and speed, and so it is selected as the benchmark net-
work for railway bridge girder inspection using UAV
images. It is composed of CSPDarknet53 and spatial
pyramid pooling (SPP) modules as the backbone net-
work. The structure of feature pyramid network (FPN)
and path aggregation network (PANet) is adopted in
the neck, followed by three YOLO detection heads
(Redmon et al., 2016). At the same time, many data
augmentation methods are used in the input of the net-
work, including Zoom, Flip, Mixup (Zhang et al., 2018),

Mosaic (Bochkovskiy et al., 2020), and hue-saturation-
value (HSV) spatial data augmentation. Mosaic, in par-
ticular, is an important method for improving the
accuracy of small target detection. The Mosaic sche-
matic diagram of a steel bridge structure is shown in
Fig. 2.

ﬂ/losaic augment imageﬁ

Origin images

Fig. 2 Schematic diagram of Mosaic of bridge steel structure

However, in the detection process of a steel struc-
ture UAV image of railway bridge girder, despite the
data augmentation, the detection effect is still not good.
In particular, the original YOLOVSs network model
has poor detection effect on targets such as a missing
bolt or rust in the railings of the steel structure of a
railway bridge girder. From the perspective of UAV
image processing, the main reasons for the poor effect
are as follows:

(1) In the process of UAV shooting, the shooting
distance and focal length are not fixed, so that the scale
of the same object varies greatly.

(2) The data set is small, and the number of defect
samples such as corrosion and missing bridge bolts is
very small, so it is difficult to balance the sample set.

(3) The corrosion of the steel structure and rail-
ings of the bridge is similar to the complex background
around the bridge, making it difficult to distinguish.

(4) The detection objects are small and inten-
sive, and the common one-stage target detection model
is often ineffective in detecting small object images
directly.

Therefore, we made targeted improvements to the
original YOLOVS5s network model, including an adap-
tive cropping strategy for large size images and a shal-
low attention network for detection of simple features
and small samples. We added a CA mechanism module
and a-I0U loss function to the shallow attention net-
work. The generalization of the small data set of UAV
images for the steel structure of the railway bridge
girder was further enhanced and its detection accuracy
was improved.



ACSANet is developed based on the above im-
provements, and its network structure is shown in
Fig. 3. During data preprocessing, Mosaic, Mixup, HSV
color enhancement, Flip, and other data augmentation
methods were applied. Due to the small number of
missing bolt samples, Photoshop software was also
used for data synthesis, and the synthesized data was
confirmed as valid by professionals. Then, adaptive
cropping and data enhancement images were input
into the shallow attention network to eliminate overfit-
ting and sample imbalanced issues.

2.2 Adaptive cropping

For small target detection of large UAV images,
cropping the large UAV images is a simple and effec-
tive method, but the traditional cropping strategy often
simply crops the image or only considers the cut-off
of the target to be detected due to cropping, and thus
adopts an overlapping cropping strategy (van Etten,
2018). However, in the process of photographing the
steel structures of railway bridges, the scale of the same
target to be detected due to the focal length change of
the UAV image also changes very significantly, so the
traditional cropping strategy is not suitable. When the
overlapping cropping strategy is used, the smaller over-
lap size does not guarantee that the targets of different
scale sizes in a batch of images are not cut and can be
trained completely, and the larger overlap size reduces
the efficiency of detection.

To address the shortcomings of the traditional
cropping strategy and the overlapping cropping strat-
egy, an image adaptive cropping strategy is proposed,
and the details are as follows:

(1) Uncropped image is defined as p, (i=1, 2, ---,
n), and the label corresponding to the uncropped
image is ¢, (i=1, 2, -+, n).

Adaptive clipping

Data .
augmentation 3
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(2) The detection target with the highest propor-
tion in ¢, is determined as the main target to be detected,
which is represented by 7.

(3) Through preliminary pre-training, the opti-
mal detection ratio a is selected according to the size
S, of  and S, of cropped image, and a=S/S,.

(4) The average width w, height 4, and size S,
of 7 in the training data set are determined.

(5) Using w and 4 of z, the overlapping width w,
and height /_ of each picture cropping are determined.

(6) The cropping number C, is determined by
using S, and a.

The adaptive cropping strategy can adapt to the
detection targets of different scale sizes in a batch
of images and dynamically assign different cropping
strategies for each image; these strategies include the
number of crops and the size of the cropping overlap
region.

The adaptive cropping strategy is determined ac-
cording to the ratio of the main target to be detected
and the cropped image size; for example, the target to
be detected in the steel structure of railway bridge
girder is mainly nuts, so the nuts are selected as the
main target. The actual ratio of the main target to the
cropped picture is determined by experimental com-
parison of the detection accuracy. After the experiment,
it is found that this strategy can better improve the
detection accuracy. The determination of the size of
the cropping overlap area integrates the efficiency of
the detection target and model training, and the formu-
lae for calculating the width and height of the overlap
are shown in Egs. (1) and (2), respectively:

ve

2 X E(Xmax_xmin)
= : (M

n

w

Shallow attention network

Prediction

Mixup, Mosaic, Flip, §
HSV augment, etc.

Fig. 3 Architecture of the ACSANet. Conv represents the convolution
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2 X i(ymax_ymin)
h — i=1 ,

¢ n

2

where X, X,.., Voo @nd y, . are respectively the abscissa
and ordinate of the maximum and minimum of the main
target tag to be detected, respectively; # is the number
of main targets to be detected.

The number of croppings is determined accord-
ing to the average size of the main target to be detected
and the ratio of target to image training, and the for-
mula for calculating the number of croppings is shown
in Eq. (3):

WHo.
n i=1 (xmax_xmin) (ymax_ymin) ’

3)

where C, is the number of image croppings; W and H
represent the width and height of the original image; a
is the size ratio between the main target to be detected
and the input image.

The comparison between the image adaptive crop-
ping strategy and the overlapping cropping strategy is
shown in Fig. 4. Taking Fig. 4a as an example, the
small pictures on the left and right show the cropped
image effect, and the small picture on the bottom shows
the overlapping part. The adaptive cropping strategy
can automatically adjust the size of the cropping frame
and the overlap size according to the images, as shown

(c)

in Figs. 4a and 4c. By contrast, the overlapping crop-
ping strategy can only fix the size of the cropping
frame and the overlap size, resulting in some images
with too small cropping frame overlap area, so the tar-
gets at the segmentation boundary cannot all partici-
pate in the training, as shown in Fig. 4b, or for some
pictures, cause the cut box overlap area to be too large,
as shown in Fig. 4d.

2.3 Shallow attention network

In (Zhu et al., 2021), the method of increasing
detection layers was used to improve the detection of
small objects, but for the image data of railway bridge
girder steel structure, this is not applicable, because
some of the features of the target to be detected are rel-
atively simple and too deep a detection network tends
to ignore such information. In addition, the deep net-
work fusion of other features may affect the final detec-
tion results. Therefore, on the basis of the YOLOv5s
detection network, instead of changing the number of
detection heads, the size of the detection heads is
changed. The features of the backbone network are
enhanced from the shallowest point and, at the same
time, the detection heads targeting shallow layers are
increased. After the 25th layer, the sampling of the
feature map continues, and the map continues to ex-
pand. At the same time, the feature image of 64x64

.¢

-—

()

Fig. 4 Comparison diagram of adaptive cropping strategy and overlapping cropping strategy: (a) adaptive cropping of
large detection targets; (b) overlapping cropping of large detection targets; (c) adaptive cropping of small detection targets;

(d) overlapping cropping of small detection targets



obtained at the 28th layer is spliced and fused with
the feature image of the shallowest layer in the back-
bone network, thus obtaining a large feature map for
small target detection.

In addition, for some targets to be detected with
simpler features, such as rusting targets like steel struc-
tures and railings, the model also adds the CA mecha-
nism module to the shallow network to enhance the
detection of rusting targets. The shallow attention net-
work is shown in Fig. 5.

24 CA+C3 N

In the study (Hou et al., 2021), CA is compared
with SE (Hu et al., 2020) and convolutional block
attention module (CBAM) (Woo et al., 2018) attention
mechanism, and the model performance of the inte-
grated CA mechanism is improved considerably and
has better robustness than other attention mechanisms.
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This verifies that the module is effective in the detec-
tion improvement of the model, so it is considered
appropriate to add it to the shallow attention network
structure. The CA module first averages the horizon-
tal and vertical directions of the input feature map
separately to obtain a pair of one-dimensional feature
codes, compresses the channels in the spatial dimen-
sion by splicing and convolution, and then encodes the
spatial information in the vertical and horizontal direc-
tions by batch normalization and nonlinear activation
functions. Next, it obtains the same number of channels
as the input feature map by two convolution and acti-
vation operations and, finally, normalizes and weights
to obtain the output feature map. The shallow atten-
tion network integrates the CA mechanism module
and the backbone network C3 module of the original
YOLOvV5s model. The CA+C3 N network structure is
shown in Fig. 6.

/_\‘,

\Ciwemi )7
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T
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[ ] [ C3 3 Co:lcat| [Upsa:mple]
[ C3!_9 ] I Cor:cat | [Upsa:nple]
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((spp ] [ Conv }
C3_9

i
[ Conv }—-I Concatl—-[ Cc33 ]—I
i
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Conv ]—‘ [ Conv H Concat I——[ C3_3 ]—I
i

i
[ Conv ]—-| Concat I——[ c3s }—I—-[ Detect ]
T
{
[ Conv ]—-| Concat I—-[ Cc3 3 ]—-[ Detect ]
i)

Fig. 5 Architecture of the shallow attention network

(o)

i
(oo )

L Scale

{ 1 )
[ Conv H Concat l-—' Conv ] Add Conv H Conv
[ Output ] m | Bottleneck (xN)

Fig. 6 CA+C3_N network structure. BN: batch normal; NL: non-linear
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In the images taken by UAYV, there is complex
background information which affects the accuracy of
target detection of the model. Adding a CA mechanism
module can enhance the attention area, which can
resist complex information in the training process and
focus detection on useful target objects.

2.5 a-10U

The a-I0OU loss function is the introduction of the
power transform to the existing intersection over union
(I0U) loss function (Rahman and Yang, 2016), which
does not introduce additional parameters and does not
increase the training and inference time. a-IOU applies
the Box-Cox transform (Box and Cox, 1964) to 10U
loss L,,=1-10U, and generalizes it to power IOU loss:
L .on=(1-10U)"/a, 00, denoted as a-10U. By adjust-
ing the additional power regularization term o to obtain
more accurate boundary box regression and target
detection, it can be generalized to a more general form
that can generalize existing IOU-based losses, includ-
ing GIOU (Rezatofighi et al., 2019), DIOU (Zheng
et al., 2019), and CIOU (Zhang et al., 2022).

Through multi-target detection benchmarks and
model experiments, a-IOU losses can significantly
exceed existing IOU based losses (He et al., 2021), and,
by adjusting a, the detector has greater flexibility in
achieving different levels of box regression accuracy
and is more robust to small data sets and noise.

The number of pictures of the data set used for a
railway bridge girder steel structure detection is small
and the number of samples is unbalanced, which is
exactly in line with the conditions for the application
of an a-10U loss function, so the strategy of a-IOU loss
is considered in the shallow attention network structure.
Later experimental results show that a-IOU can better
detect the steel structure of a railway bridge girder.

3 Results and discussion
3.1 Implementation details

The experiment was carried out on Ubuntu20.04
system with NVIDIA GeForce RTX2080 graphics
card. The experimental environment was Python3.8,
CUDA10.1, CUDNNS.0.2, and Pytorch1.9.1. The sto-
chastic gradient descent (SGD) optimizer was used
in training, and the initial learning rate was 0.01 and
the momentum value was 0.937. Since a single graphic

processing unit (GPU) was used for training, the
BatchSize was adjusted to 8 and the Epoch was 300.
The evaluation indexes include Precision, Recall, and
mAP. mAP is the average value of AP values of all
categories. AP is the average precision value of a
class of detection targets, and is calculated by:

— TP 0,
P= s <100%, )
— TP 0
R= o x 100%, 5)
1
AP= [ P(RMR. (6)
0

where Precision (P) indicates the proportion of the
data set in which the predicted outcome is a positive
example, and Recall (R) indicates the proportion of
the data set in which the true outcome is a positive
example, and the number of predicted outcomes is
correct. False positive (FP) means the number of sam-
ples judged to be positive but in fact negative, true
positive (TP) means the number of samples judged to
be positive and in fact positive, and false negative (FN)
means the number of samples judged to be negative
but in fact positive.

3.2 Data structure

Using a DJI MATRICE 300 RTK UAV equipped
with DJI Zenmuse H20 aerial camera, lateral shots of
railway bridge girder steel structures were hovered at
a safe distance along the railroad line. The steel struc-
ture of the bridge was divided into four parts and pho-
tographed successively; the acquisition area is shown
in Fig. 7.

Fig. 7 UAV data acquisition diagram

In this paper, the samples are labeled as Pascal
VOC, which is one of the standard data formats com-
monly used in the field of object detection. As shown



in Fig. 8, a total of 70 railway bridge girder images col-
lected by UAV are annotated in six detection categories.

Nut normal
------- Nut corrosion

— — — Bolt missing
Railing corrosion

Bolt normal
— — — Steel corrosion

Fig. 8 UAV images-based detection objects of railway bridge
girder steel structure

The position information and category informa-
tion in the images were saved using ‘.xml’ files, while
the training and test sets were divided according to the
ratio of 6:1. The sample set structures of UAV images
of railway bridge girder steel structure are shown in
Table 1. Through this annotation method, the sample
set of steel structure image of railway bridge girder can
be preliminarily constructed.

Table 1 Sample set structures of UAV images of railway
bridge girder steel structure

Number of Number Number Number

iSrf: of Class images  of objects of images of objects
£es trained trained  tested tested
5184x  Nut 60 10323 10 1255
3888 normal
Bolt 32 458 2 36
normal
Bolt 13 17 6 6
missing
Nut 52 1025 6 212
corrosion
Steel 42 386 6 104
corrosion
Railing 33 277 5 64
corrosion
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3.3 Implementation details

The scale ratio between the image and the main
target (nut) is from 20 to 80, and the adaptive crop-
ping is performed at an interval of 10 for training and
testing. Fig. 9 shows the test accuracy (mAP) and train-
ing time (time) of different cropping scales, and we can
see that the comprehensive training efficiency and test
results are most suitable when the ratio of image to
main target is 50:1. Therefore, the next experiment will
be conducted with a 50:1 ratio of the image to the
main target.

0.80 Wr
0.75 3.0 2.0
50
070t v 2
X 60 ®
g 0.65 ‘—30
0.60 | é 70
0.55
050 1 1 1 J
3.0 3.5 4.0 4.5 5.0
Time (h)

Fig. 9 Adaptive cropping mAP comparison of different
cropping scales

3.4 Comparison of attention mechanisms

In the comparison of the effects of attention mech-
anism, the cropping scale is 50:1. The total predic-
tion time and average prediction time of each image
under different attention mechanisms are shown in
Fig. 10.

— Total prediction time

Average prediction time per image
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Fig. 10 Total prediction time and average prediction time
of each image under different attention mechanisms
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The results of mAP, Precision, Recall, and infer-
ence speed of the original YOLOvS5s model and differ-
ent attention integration models in the bridge steel
structure sample set are shown in Table 2.

Table 2 Detection results of integrated models of different
attention mechanisms

Method Image size mAP Precision Recall FPS
YOLOvVS5s 512x512 0.677 0.755 0.597 204
YOLOvV5s+SE 512x512 0.623 0.737  0.560 204
YOLOvVSs+tCBAM 512x512 0.671  0.727  0.633 185
YOLOvSs+CA 512x512 0.712  0.761  0.587 196

FPS: frames per second

The accuracy of each class under different atten-
tion mechanisms is shown in Fig. 11. By comparing
the detection effects in Fig. 11, it can be found that
YOLOvVS5s+CA is significantly better than the original
YOLOVS5s model. In particular, the detection accuracy
for missing bolts is improved by more than 20%, which
is very significant. However, in terms of the average
prediction time per image, that for the YOLOvSs+
CA model is only 0.0004 s greater than that for the
YOLOVSs.

1.0p m YOLOV5s

B YOLOV5s+SE

B YOLOV5s+CBAM
O YOLOV5s+CA

Bolt Nut Steel Railing
missing corrosion corrosion corrosion

0.8 H

0.6 1

mAP

0.4

0.2

0.0 p
Bolt

normal

Nut
normal

Fig. 11 Accuracy of each class under different attentional
mechanisms

3.5 Precision comparison

The cropping scale is 50:1, and Fig. 12 shows the
loss curves of YOLOvVSs and its different improved
models. It can be seen that all models have achieved
convergence without overfitting, and ACSANet has the
best convergence effect.

Fig. 13 shows the accuracy comparison of differ-
ent improved models for each class as well as the mAP
curve graph.

The test results of the improved model for the
steel structure of a railway bridge girder in different

0.7
ool %
— YOLOv5s
0.5 — OCNet
” — ACNet
3 04l — ACNet+a-10U
- — ACNet+CA
ACNet+CA+a-10U
0.3 — ACSANet
02F
1 1 1 1 1 1 1
0 50 100 150 200 250 300
Epoch

Fig. 12 Loss curves of each model

s Nut normal Bolt normal

1.2 e 3 Bolt missing Nut corrosion 10-80
Steel corrosion  —— Railing corrosion | 0.75

Total mAP

10.70
10.65
{0602
1055 £
5|
0.50 2
0.45

mAP of different classes

0.40
0.35
0.30

Fig. 13 Accuracy comparison of different improved models
and mAP curves

stages are compared in Table 3. OCNet and ACNet de-
note the network structures with overlapping cropping
strategy and adaptive cropping strategy, respectively.
According to Table 3 and Fig. 12, the proposed
ACSANet model outperforms the YOLOvS5s model
using adaptive cropping strategy in terms of the total
mAP and missing bolt mAP by 5% and 30%, respec-
tively. Compared with the YOLOv5s model that adopts
the common cropping strategy, the total mAP and miss-
ing bolt mAP are improved by 10% and 60%, respec-
tively. Compared with the YOLOvSs model without
any cropping strategy, the total mAP and missing bolt
mAP are improved by 40% and 67%, respectively.
Fig. 14 shows the detection effects of YOLOvSs
and ACSANet on the steel structure of a railway bridge
girder. Fig. 14a is the detection results for YOLOVSs.
The purple circle indicates the detection error (the nor-
mal nut is detected as a corroded nut), the green circle
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Table 3 Accuracy comparison of YOLOvVSs and improved model

Method Image size mAP Precision Recall FPS
YOLOVSs 512x512 0.344 0.678 0.353 178
OCNet 512x512 0.640 0.767 0.568 185
ACNet 512x512 0.693 0.829 0.549 208
ACNet+a-IOU 512x512 0.703 0.779 0.600 188
ACNet+CA 512x512 0.712 0.757 0.621 196
ACNet+CA+a-I0U 512x512 0.730 0.719 0.602 196
ACSANet 512x512 0.743 0.761 0.600 66

Nut normal Nut corrosion Steel corrosion

------- Missing detection —--— False detection - -~ -~ Overlapping box

Fig. 14 Detection effect comparison of YOLOVSs (a) and
ACSANet (b) on steel structure of railway bridge girder

indicates the detection omission (the normal nut, cor-
roded nut, and corroded steel are missed), and the blue
circle represents the duplicate box. Compared with the
detection effects of the YOLOv5s model, the ACSANet
model in Fig. 14b detects the UAV image of the steel
structure of a railway bridge girder better.

The local image visualization and overall image
visualization results of ACSANet detection are shown
in Figs. 15 and 16, respectively.

0.18
2:0920,2,094

poso o9z

posy o092 ¢

Fig. 15 Local image visualization results of ACSANet
detection

4 Conclusions

This study proposes a network structure ACSANet
for UAV image detection of railroad bridge steel struc-
tures. The ACSANet network model firstly performs

Fig. 16 Overall image visualization results of ACSANet
detection

adaptive cropping of UAV images, inputs suitable
targets to be detected and image scales, and outputs
cropped images with excellent detection effects. Sec-
ondly, the YOLOVS5s network structure is improved
by incorporating the shallowest features of the back-
bone network, and a shallow attention network is pro-
posed, so that the target to be detected with simple
features will not be affected by the deeper network
structure or other similar targets and backgrounds.
Finally, the CA mechanism module is added to the
shallow attention network, which makes the detection
process pay more attention to the shallow features,
while the a-IOU loss function is used in the IOU loss
function in the model to improve the detection effect
on small data sets. Through the above improvements
and experimental results, the conclusions are summa-
rized as follows:

1. In small data sets, the ratio between the target
to be detected and the input image has a significant
impact on the final detection result. In the data set
used in this study, when the ratio of the image to the
main target is between 20:1 and 80:1, the boundary
is 50:1. When the ratio is greater than 50:1, the accuracy
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changes greatly, but the training time remains basically
unchanged. When the ratio is less than 50:1, the accu-
racy remains basically unchanged, but the training time
changes greatly. Therefore, there is a critical point in
the training process, when the combined result of train-
ing efficiency and test accuracy is the best.

2. Deeper networks will interfere with the detec-
tion accuracy of small targets, limited samples, and sim-
ple objects. Comparing the detection results under dif-
ferent network structures but keeping other strategies
the same, ACSANet improves the accuracy of missing
bolts by nearly 10% compared to ACNet+CA+a-10U.

3. Different attention mechanisms do not neces-
sarily improve detection accuracy due to different atten-
tion directions. Appropriate attention mechanism and
loss function can better detect the steel structure image
of railway bridge taken by UAV, but using an inappro-
priate attention mechanism will have a negative effect
on the detection.

The experimental results show that ACSANet can
better detect defects in the steel structure of railroad
bridges and, especially, significantly improve the detec-
tion accuracy of missing bolts, thus providing greater
safety for railway bridges.
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